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Abstract: 
 This study investigates how artificial intelligence (AI) and data-driven analytics enhance product 
end-of-life (EOL) prediction, reverse supply chain optimization, and circular economy adoption. Primary 
data were collected from supply chain professionals, logistics managers, facility operators, and 
sustainability officers across multiple industries during February–March 2025. Critical parameters 
influencing reverse supply chain decisions such as product age, failure rate, repair cost, material value, and 
expected resale value were analyzed using simple yet effective methods, including expert scoring, rule-
based heuristics, correlation analysis, clustering, survival analysis, and lightweight predictive modelling 
(logistic regression and decision trees). 
The study demonstrates that integrating AI-based prediction with scenario analysis, Monte Carlo 
simulations, and operational checklists significantly improves EOL classification accuracy, facilitates 
remanufacturing feasibility assessments, and optimizes reverse logistics allocation. Clustering and 
dashboards help standardize operational decision-making and track KPIs such as recovery yield, 
processing costs, and return rates. Results indicate that these approaches can enhance reverse supply chain 
efficiency by 30–35%, reduce waste misclassification by 25–30%, and increase financial returns from 
product recovery programs by 22–33% across diverse industrial sectors. 
The findings highlight that even without complex multivariate tools, a combination of AI, data-driven 
analysis, and low-code visual tools can enable organizations to implement circular economy strategies 
effectively, achieving both environmental sustainability and operational efficiency. 
            

 
Keywords — AI in Reverse Supply Chain, Product End-of-Life Prediction, Circular Economy, Reverse 
Logistics, Remanufacturing, Material Recovery, Predictive Analytics, Decision Trees, Survival Analysis, 
Clustering, Scenario Analysis, KPI Dashboards, Data-Driven Circularity. 
. 

----------------------------------------************************----------------------------------

I. INTRODUCTION 

 The increasing volume of 
end-of-life (EOL) products has become a critical 
challenge for organizations and industries 
worldwide. [1]According to the World Bank (2023), 
global municipal solid waste reached approximately 

2.12 billion metric tons annually, with projections 
suggesting it could rise to 3.5 billion metric tons by 
2050 if no significant interventions are made. 
Inefficient management of EOL products leads to 
environmental degradation, loss of recoverable 
materials, and increased operational costs. To 
address these issues, organizations are adopting 
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circular economy strategies, which emphasize 
remanufacturing, recycling, and resource recovery 
to maximize material utilization and minimize 
waste. 

 
Figure 1 Global waste problem 

 
Artificial Intelligence (AI) and data-driven 
approaches offer powerful solutions for optimizing 
reverse supply chains. Tools such as predictive 
modelling, decision trees, clustering, survival 
analysis, scenario simulations, and low-code 
analytics platforms enable organizations to forecast 
product end-of-life, prioritize returns, and allocate 
products efficiently to remanufacturing, repair, or 
recycling channels. Despite the growing adoption of 
AI, there is limited practical research on how AI-
driven, interpretable, and operationally 
implementable methodologies can enhance reverse 
supply chain performance and support circular 
economy goals. 
This study aims to identify key factors influencing 
reverse supply chain decision-making, including 
product age, usage intensity, failure rate, repair cost, 
material recovery potential, and resale value. These 
factors are analyzed using a combination of expert 
scoring, rule-based heuristics, correlation analysis, 
clustering, survival analysis, predictive models 
(decision tree and logistic regression), scenario 
planning, Monte Carlo simulations, and KPI 
dashboards. The study also develops operational 
checklists to support remanufacturing feasibility 
assessments and practical allocation decisions. 

The findings are anticipated to demonstrate that 
integrating AI with practical, data-driven methods 
improves the accuracy of EOL predictions, 
optimizes reverse logistics operations, enhances 
material recovery, and maximizes financial returns 
from product recovery programs, all while 
supporting sustainable circular economy initiatives. 
 

1.1 Research Objectives 

The primary objective of this research is to 
investigate how AI-driven predictive and data-

driven decision-making can enhance reverse 
supply chain efficiency, optimize product recovery, 
and support circular economy implementation. To 
achieve this, the study focuses on the following 
specific objectives: 
1.1.1 To develop AI-based models for accurate 

product end-of-life (EOL) prediction 
• To identify critical product attributes (e.g., 

age, usage, failure rate, material value) 
influencing EOL. 

• To implement predictive models, such as 
logistic regression, decision trees, and 
survival analysis, for classifying products 
according to recovery potential. 

• To prioritize returned products for 
remanufacturing, repair, or recycling based 
on predicted EOL. 

1.1.2 To enhance reverse logistics efficiency and 

operational decision-making 
• To design rule-based heuristics and scenario 

analysis frameworks for allocation of 
returned products. 

• To optimize transportation, processing, and 
facility utilization for reverse supply chains. 

• To develop low-code and visual decision-
support tools to enable consistent and 
actionable operational decisions. 

1.1.3 To maximize material recovery and 

financial returns from returned products 
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• To cluster products based on recovery 
potential, processing cost, and expected 
resale value. 

• To conduct Monte Carlo simulations for 
evaluating recovery outcomes under 
uncertainty. 

• To monitor key performance indicators 
(KPIs), including recovery yield, processing 
cost per unit, and return on investment. 

1.1.4 To assess remanufacturing feasibility and 

operational implementation 
• To develop practical checklists and 

evaluation criteria for remanufacturing 
decisions. 

• To integrate predictive insights with 
operational workflows for actionable 
implementation. 

• To ensure effective adoption of AI-driven 
recommendations by shop-floor and 
logistics teams. 

1.1.5 To facilitate circular economy practices 
and sustainable reverse supply chain operations 

• To reduce waste generation and 
environmental impact by optimizing product 
recovery. 

• To improve resource efficiency through 
systematic allocation of returns to 
remanufacturing or recycling. 

• To demonstrate the strategic value of AI-
driven reverse supply chains in enhancing 
operational, financial, and environmental 
performance. 

 

 
Figure 2 Objectives of the study 

 
Conceptual Framework for AI-Driven Reverse 

Supply Chain Optimization 
The framework can be represented as a tree 
diagram: 

1. AI-Based Predictive & Data-Driven 

Decision-Making acts as the primary 
parameter. 

2. It influences Product Characteristics & 

Return Attributes (Age, Usage, Failure 
Rate, Material Value). 

3. These attributes contribute to Reverse 
Supply Chain Decisions (Prioritization, 
Allocation, Remanufacturing Feasibility). 

4. Finally, Operational & Financial 
Outcomes (Recovery Yield, Cost Efficiency, 
ROI, Environmental Impact) are directly 
impacted. 

 

 
 

II. : LITERATURE REVIEW 

2.1 Literature Review 

1. Artificial Intelligence in Reverse Supply 

Chain Management 

o Author: ResearchGate (2010) 

o This foundational paper discusses 
the integration of AI in reverse 
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supply chain management, 
emphasizing its role in optimizing 
product returns and reducing 
disposal costs. It highlights various 
AI techniques applied to different 
aspects of reverse supply chain 
management, including network 
design, product acquisition, 
transportation, and supplier 
evaluation.  

2. Application of Artificial Intelligence in 

Circular Economy 

o Author: ScienceDirect (2025) 

o This research explores how AI can 
facilitate the transition to a circular 
economy by improving reverse 
logistics processes, such as product 
recovery, recycling, and 
remanufacturing. It discusses the 
potential of AI to enhance efficiency 
and sustainability in circular supply 
chains.  

3. Machine Learning in Reverse Logistics: 

A Systematic Review 

o Author: MDPI (2025) 

o This systematic review examines the 
application of machine learning in 
reverse logistics, identifying trends, 
challenges, and research 
opportunities. It provides insights 
into how machine learning can 
enhance decision-making and 
outcomes in reverse logistics.  

4. Enhancing Reverse Supply Chain 

Performance via Artificial Intelligence 

o Author: Bohrium (2025) 

o This study demonstrates the 
effectiveness of AI in predicting 
end-of-life status and optimizing 
transportation modes in reverse 
supply chains. It reports high 

accuracy rates and strong regression 
results, highlighting the potential of 
AI to improve reverse supply chain 
performance.  

5. AI-Powered Reverse Logistics: Closing 

the Loop in Circular Supply Chains 

o Author: AI in the Chain (2025) 

o This article explores how AI can 
enhance reverse logistics by closing 
the loop in supply chains, ensuring 
compliance with new legislation, and 
improving sustainability. It discusses 
various AI applications in reverse 
logistics within the context of the 
circular economy.  

6. Application of Artificial Intelligence in 

Reverse Logistics 

o Author: ScienceDirect (2024) 

o This paper reviews the application of 
AI in reverse logistics, focusing on 
its role in improving returns 
management, monitoring the quality 
of refurbished products, and 
optimizing routing and 
transportation. It highlights the 
advancements AI has brought to 
reverse logistics.  

7. Artificial Intelligence Applications in 

Reverse Logistics 

o Author: Politecnico di Torino (2023) 

o This thesis discusses various AI 
applications in reverse logistics, 
including performance assessment, 
network design, and product 
recovery. It provides a 
comprehensive overview of how AI 
can optimize reverse logistics 
processes.  

8. Predictive modelling for the Quantity of 

Recycled End-of-Life Products 
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o Author: ScienceDirect (2023) 

o This research develops an ensemble 
model to predict the quantity of 
recycled end-of-life products, aiming 
to enhance the sustainability of 
reverse supply chains. It 
demonstrates the potential of 
predictive modelling in optimizing 
recycling processes.  

9. Towards the Smart and Sustainable 

Transformation of Reverse Logistics 

o Author: NCBI (2022) 

o This article proposes a conceptual 
framework linking Industry 4.0 
enablers, smart services, and 
operational transformation in reverse 
logistics. It discusses how digital 
technologies can drive the smart and 
sustainable transformation of reverse 
logistics.  

10. The Circular Economy Meets Artificial 

Intelligence 

o Author: ResearchGate (2022) 

o This paper explores the intersection 
of circular economy principles and 
artificial intelligence, discussing 
how AI can support reverse logistics 
functions within the circular 
economy. It highlights the 
opportunities AI presents for 
enhancing sustainability in supply 
chains.  

 

2.2 Critical Review 

1. Integration Challenges in Traditional 
Reverse Logistics – While reverse logistics 
frameworks exist for managing product 
returns, the effectiveness of AI-enhanced 
models across different industries and 
operational contexts remains underexplored. 
 

2. Data Quality and Availability Issues – 
Although AI relies on high-quality, 
comprehensive data for accurate predictions, 
the impact of incomplete or inconsistent 
datasets on reverse supply chain 
performance has not been fully quantified. 
 

3. Scalability of AI Solutions – Research on 
deploying AI-driven reverse logistics 
solutions at scale across small, medium, and 
large enterprises is limited, particularly 
regarding system customization and 
resource optimization. 
 

4. Ethical and Privacy Considerations – AI 
adoption in reverse logistics raises questions 
around data privacy, algorithmic bias, and 
transparency, yet empirical studies assessing 
these ethical challenges are scarce. 
 

5. Cost of AI Implementation – While AI 
technologies offer potential efficiency gains, 
their high initial investment may constrain 
adoption by SMEs, with few studies 
evaluating cost-benefit outcomes in diverse 
operational settings. 
 

6. Organizational Resistance to Change – 
The integration of AI into established 
reverse logistics processes faces challenges 
from organizational inertia, with limited 
research examining strategies to overcome 
such resistance. 
 

7. Regulatory Compliance Gaps – 
Compliance with local and international 
regulations for product returns, recycling, 
and AI usage in supply chains is critical, but 
research on effective regulatory frameworks 
remains limited. 
 

8. Interoperability with Legacy Systems – 
Integrating AI solutions with existing IT 
infrastructure and operational systems 
presents technical challenges, yet empirical 
studies on successful implementation 
practices are minimal. 
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2.3 Research Gaps 

1. Lack of Standardized Metrics for AI 

Performance in Reverse Logistics – While 
reverse logistics research focuses on 
operational efficiency, there is limited 
development of standardized metrics to 
benchmark AI model performance across 
industries and systems. 

2. Limited Real-World Case Studies and 

Pilot Projects – Although theoretical 
models and simulations exist, few studies 
demonstrate the practical application and 
benefits of AI in real-world reverse logistics 
operations. 

3. Insufficient Focus on Small and Medium-

Sized Enterprises (SMEs) – Most AI 
solutions target large enterprises, leaving a 
research gap in understanding and 
addressing the unique challenges SMEs face 
in implementing AI-driven reverse logistics. 

4. Need for Interdisciplinary Approaches – 
While AI integration in reverse logistics 
requires collaboration among data scientists, 
logistics experts, and industry practitioners, 
empirical research on effective 
interdisciplinary frameworks is scarce. 

5. Exploration of AI's Role in Policy and 

Regulatory Compliance – Although 
regulatory compliance is critical in reverse 
logistics, research on AI’s potential to 
support adherence to evolving policies and 
environmental regulations remains limited. 

 

III. HYPOTHESIS -AI & MATERIAL 

RECOVERY / CIRCULAR ECONOMY 

OUTCOMES 

H₀ (Null Hypothesis):   
Artificial intelligence does not have a 
significant impact on material recovery rates or 
circular economy outcomes in product recovery 
systems. 

H₁ (Alternative Hypothesis):  
Artificial intelligence significantly enhances 
material recovery rates and supports circular 
economy outcomes in product recovery systems. 

 
 

IV. : RESEARCH METHODOLOGY  

4.1 Research Design 

The study adopts a mixed-method research design 
integrating qualitative, quantitative, and survey-
based approaches to investigate AI-driven 
product end-of-life (EOL) prediction, reverse 
supply chain optimization, and circular economy 

adoption. The design ensures comprehensive 
insights, combining operational, analytical, and 
perceptual data. 
Purpose of the Research Design: 

1. To analyze operational patterns in reverse 
supply chains. 

2. To develop predictive AI models for EOL 
classification and product recovery 
optimization. 

3. To assess organizational readiness for AI-
driven circular economy practices. 

Nature of Research: 
• Exploratory: Understanding challenges in 

reverse supply chains, AI adoption barriers, 
and circular economy practices. 

• Descriptive: Mapping current practices, 
KPIs, and operational outcomes. 

• Explanatory: Testing relationships between 
product attributes, AI predictions, and 
recovery efficiency. 

3.2 Research Approach 

3.2.1 Qualitative Approach 

• Method: Semi-structured interviews with 
domain experts. 

• Participants: 40 professionals including 
supply chain managers, logistics 



International Journal of Scientific Research and Engineering Development-– Volume 8 Issue 6, Nov- Dec 2025 

               Available at www.ijsred.com                                 

ISSN : 2581-7175                             ©IJSRED: All Rights are Reserved Page 1825 

coordinators, facility operators, and 
sustainability officers. 

• Objective: Identify critical product and 

operational factors affecting EOL 
predictions, allocation decisions, and 
circular economy adoption. 

• Procedure: 

1. Developed an interview guide 
covering product attributes, reverse 
logistics challenges, AI adoption, 
and sustainability practices. 

2. Conducted 45–60 minute 
interviews via video conferencing or 
in-person sessions. 

3. Transcribed and coded interviews 
using NVivo/Atlas.ti for thematic 
analysis. 

• Outcome: Extraction of recurring patterns, 
operational bottlenecks, and practical 
insights to inform AI modelling. 

4.2.2 Quantitative Approach 

• Data Sources: Historical datasets of 
product returns, repair logs, 
remanufacturing records, recycling volumes, 
and material recovery costs. 

• Objective: Identify statistical relationships 
between product attributes (age, usage, 
failure rate, material value) and recovery 
outcomes (remanufacturing feasibility, 
resale value, processing cost). 

• Analysis Methods: 

o Descriptive Statistics: Mean, 
median, standard deviation to 
summarize trends. 

o Correlation Analysis: 
Pearson/Spearman coefficients to 
evaluate dependencies between 
attributes and recovery outcomes. 

o Predictive modelling: 

 Logistic Regression to 
classify products based on 
probability of reaching EOL. 

 Decision Trees for rule-
based allocation to 
remanufacturing, recycling, 
or repair. 

 Survival Analysis (Kaplan-
Meier / Cox Proportional 

Hazard) to estimate product 
lifespan and failure 
probabilities. 

o Clustering: K-Means and 
Hierarchical clustering to segment 
products based on recovery potential, 
processing cost, and expected resale 
value. 

4.2.3 Survey-Based Approach 
• Purpose: Collect structured, quantifiable 

insights from professionals on AI adoption, 
operational bottlenecks, and circular 
economy practices. 

• Survey Design: 

o Structure: 25 questions including: 

 Likert-scale questions (1–5) 
for AI readiness, EOL 
prediction confidence, and 
circular economy adoption. 

 Multiple-choice questions for 
operational practices, KPIs 
tracked, and reverse logistics 
allocation methods. 

 Open-ended questions for 
qualitative insights. 

o Validation: Pre-tested survey with 5 
industry professionals to ensure 
clarity and relevance. 

• Participants: Same 40 domain experts from 
interviews to maintain consistency and 
comparability. 
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• Data Analysis: 

o Descriptive statistics (frequency, 
mean, variance). 

o Factor analysis to identify latent 
drivers influencing AI adoption and 
reverse supply chain efficiency. 

o Cross-tabulation and chi-square tests 
for comparisons across industries, 
roles, and operational scale. 

o Integration with predictive 
modelling outcomes for enhanced 
decision-making insights. 

 

 
Figure 3 Mixed_method Approach 

4.3 Sampling Technique 

• Sampling Method: Purposive sampling 
targeting professionals with expertise in 
reverse logistics, AI applications, and 
sustainability practices. 

• Sample Size: 40 participants (industry-wise 
representation: electronics – 15, automotive 
– 15, consumer goods – 10). 

• Justification: Ensures highly relevant, 

domain-specific insights, increasing 
validity of findings. 

 
Figure 4 Sampling Distribution 

4.4 Data Collection Methods 

1. Primary Data: 

o Interviews: Semi-structured, guided 
by a thematic interview protocol. 

o Surveys: Structured and validated 
questionnaires. 

2. Secondary Data: 

o Historical datasets from participating 
organizations (return logs, 
maintenance, repair, recycling). 

o Industry reports, journal articles, and 
case studies on AI in reverse 
logistics and circular economy. 

Data Collection Procedure: 
1. Secure consent from organizations and 

participants. 

2. Schedule interviews and distribute surveys 
online using Google Forms . 

3. Aggregate and anonymize data for analysis. 

 

4.5 Research Tools and Techniques 

1. Data Analysis Tools: 

o Python / R: Predictive modelling, 
clustering, survival analysis, Monte 
Carlo simulation. 
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o Excel / Tableau / Power BI: 
Dashboards, KPI tracking, 
visualization. 

2. Predictive modelling: 

o Logistic regression: Predict 
probability of EOL for each product. 

o Decision trees: Allocation of 
products to recycling, repair, or 
remanufacturing. 

o Survival analysis: Estimate product 
lifespan for operational planning. 

3. Clustering & Segmentation: 

o K-Means: Group products by 
recovery potential, processing cost, 
resale value. 

o Hierarchical Clustering: Identify 
natural product categories for 
operational efficiency. 

4. Simulation & Scenario Analysis: 

o Monte Carlo simulation: Evaluate 
uncertainties in return quantity, 
recovery yield, and processing cost. 

o Scenario analysis: Test impact of 
different allocation strategies, AI 
adoption rates, and recovery policies. 

5. Operational Decision Support: 

o Dashboards for KPIs: Recovery 
yield, cost per unit, ROI, processing 
time, waste reduction. 

o Checklists for remanufacturing 
feasibility: Material quality, repair 
cost, potential resale value. 

4.6 Data Analysis Procedure 

Stepwise Approach: 
1. Descriptive Analysis: Summarize historical 

returns, recovery rates, and operational KPIs. 

2. Qualitative Coding: Identify recurring 
themes in interviews using NVivo/Atlas.ti. 

3. Correlation Analysis: Identify 
relationships between product attributes and 
recovery outcomes. 

4. Predictive modelling: Logistic regression, 
decision trees, and survival analysis to 
classify products and estimate lifespan. 

5. Clustering: Segment products for 
operational allocation and resource 
optimization. 

6. Survey Analysis: Factor analysis, cross-
tabulations, and chi-square tests to identify 
drivers of AI adoption and reverse supply 
chain efficiency. 

7. Simulation & Scenario Testing: Evaluate 
operational and financial outcomes under 
uncertainty. 

8. Validation: Compare predictive outcomes 
with historical recovery records and expert 
feedback to ensure accuracy. 

 
4.7 Ethical Considerations 

• Confidentiality: All participant data 
anonymized. 

• Informed Consent: Obtained before 
interviews and surveys. 

• Data Integrity: Accurate recording and 
reporting of qualitative and quantitative data. 

• Privacy: No identifiable corporate data 
disclosed without permission. 

• Transparency: Clear communication of 
research objectives and methodology. 

• Bias Mitigation: Diverse participants 
across industries to reduce selection bias. 

4.8 Summary 

This chapter presents an in-depth research 
methodology integrating qualitative insights, 

survey analysis, quantitative modelling, 
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clustering, and simulation to study AI-driven 
product end-of-life prediction and reverse supply 
chain optimization. Key highlights: 

1. Analytical Rigor: Statistical modelling, 
survival analysis, clustering, and 
simulations ensure accurate EOL 
predictions. 

2. Operational Feasibility: Dashboards, 
checklists, and scenario testing enable 
actionable decision-making for shop-floor 
and logistics teams. 

3. Sustainability Alignment: Focus on 
circular economy outcomes, waste reduction, 
and material recovery. 

4. Survey Integration: Provides perception-
based insights, complementing historical 
data and expert interviews for robust 
findings. 

The methodology ensures the study meets its 
objectives of enhancing reverse supply chain 
efficiency, maximizing material recovery, and 

enabling circular economy adoption across 
industries. 

V.  DATA ANALYSIS AND RESULTS 

5.1 Introduction 

This chapter presents a detailed analysis of 

primary survey data, historical operational 
datasets, and predictive modelling outputs to 
evaluate AI-driven product end-of-life (EOL) 
prediction and reverse supply chain optimization. 
The analysis integrates qualitative insights from 
interviews, quantitative analysis, and AI-driven 
predictive models, aiming to answer the research 
objectives: 

1. Identify critical factors influencing reverse 
supply chain decisions. 

2. Evaluate the effectiveness of AI models in 
predicting EOL and allocating products. 

3. Quantify operational, financial, and 
sustainability outcomes under AI-driven 
reverse logistics. 

4. Integrate survey-based perceptions to 
complement empirical findings and ensure 
operational feasibility. 

5.2 Survey Analysis 

5.2.1 Respondent Demographics 

• Sample Size: 40 professionals across 
electronics, automotive, and consumer 
goods sectors. 

• Roles: Supply Chain Managers (37.5%), 
Logistics Coordinators (25%), Facility 
Operators (20%), Sustainability Officers 
(17.5%). 

• Experience: 4–12 years in reverse logistics, 
with an average of 6.5 years. 

• Organizational Size: Small-scale (15%), 
mid-scale (45%), large-scale (40%). 

 
Figure 5 Respondent Role Composition 

 
5.2.2 Awareness and Readiness for AI Adoption 

Table 1 
AI Adoption 

Parameter % Agree Interpretation 

AI improves EOL prediction 
accuracy 

70% High awareness of AI 
potential 

AI optimizes allocation 
decisions 

65% Moderate readiness to 
adopt AI 

Organizations have 
structured workflows for 

circular economy 

40% Low operational 
integration 

KPIs tracked consistently for 
recovery efficiency 

35% Data inconsistency 
observed 

AI adoption hindered 
by poor data quality 

60% Key barrier to 
adoption 

Interpretation: While AI awareness is high, 
adoption is limited by operational, data, and 
workflow challenges. 
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5.2.3 Survey Insights on Critical Product 

Attributes 
Respondents rated factors influencing EOL 
decisions on a Likert scale (1–5): 

Table 2 

Factor wise Ranking 
 

Factor Mean Score Std. Dev Rank 

Product Age 4.8 0.42 1 

Failure Rate 4.6 0.51 2 

Material Recovery Value 4.3 0.63 3 

Repair Cost 4.1 0.71 4 

Expected Resale Value 3.9 0.85 5 

Brand Preference 3.1 0.93 6 

 
Interpretation: Age, failure rate, and material 
value are primary drivers of EOL and recovery 
decisions, aligning with historical return data. 
Lesser weight is given to brand or customer 
preference. 
 
5.2.4 Operational Bottlenecks 

• Manual allocation decisions dominate 
reverse supply chain workflows (65%). 

• Inconsistent return data reduces predictive 
model effectiveness (55%). 

• Lack of standardized KPIs prevents 
systematic monitoring (45%). 

Survey Insight: There is a clear need for AI-
driven allocation frameworks and KPI dashboards 
to improve efficiency and sustainability outcomes. 

5.3 Descriptive Analysis of Historical Data 

Dataset: 12,500 product return records from 
electronics, automotive, and consumer goods 
industries. 

Table 3 
Descriptive Stats  

 

Attribute Mean Median Std. 
Dev 

Min Max 

Product Age (months) 38.2 36 12.5 6 72 

Failure Rate (%) 14.8 12 6.3 2 30 

Repair Cost (USD) 85.4 80 25.7 20 150 

Material Recovery Value 
(USD) 

52.3 50 18.4 10 100 

Expected Resale Value 
(USD) 

65.5 60 20.2 15 120 

Correlation Analysis: 

• Age vs Failure Rate: r = 0.68, p < 0.01 
(strong positive correlation) 

• Repair Cost vs Material Recovery: r = 0.53 
(moderate correlation) 

• Material Value vs Expected Resale: r = 0.61 
(moderate correlation) 

Observation: These correlations validate survey 
responses and identify key predictive variables for 

AI modelling. 
 

5.4 Predictive modelling Analysis 

5.4.1 Logistic Regression for EOL Classification 
• Dependent Variable: Recoverable 

(repair/remanufacture) vs Non-Recoverable 
(recycle/dispose) 

• Independent Variables: Age, failure rate, 
material recovery value, repair cost, 
expected resale value 

• Results: 

o Overall Accuracy: 82% 

o Significant predictors: Age (p < 
0.01), Failure Rate (p < 0.01), 
Material Recovery Value (p < 0.05) 

o Odds Ratio Interpretation: 

 Higher age increases 
probability of recycling. 

 Higher material recovery 
value increases probability of 
remanufacturing. 

Insight: Logistic regression effectively identifies 
recoverable products, guiding operational 
allocation. 
5.4.2 Decision Tree modelling 

• Purpose: Determine actionable allocation 
rules for repair, remanufacture, or recycling. 

• Tree Accuracy: 85% 

• Decision Rules: 
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1. Age < 24 months & failure rate < 10% 
→ Repair 

2. Age 24–48 months & material 
recovery > $60 → Remanufacture 

3. Age > 48 months or repair cost > 
$120 → Recycle 

Insight: Decision trees provide interpretable rules 
for shop-floor implementation, complementing AI 
predictions. 
5.4.3 Survival Analysis 

• Kaplan-Meier Median Lifespan: 42 
months 

• Cox Model Hazard Ratio: 1.2x per 
additional year of age 

• Interpretation: Predictive models help 
forecast product lifespan, enabling 
proactive reverse logistics planning. 

5.5 Clustering and Product Segmentation 

• Method: K-Means clustering (k = 4) using 
Age, Failure Rate, Material Recovery, 
Repair Cost 

• Cluster Characteristics: 

Table 4 
Cluster Table 

 

Cluster Characteristics Allocation 
Recommendation 

% of 
Products 

Cluster 1 Young, low failure Repair 30% 

Cluster 2 Mid-age, high 
material value 

Remanufacture 40% 

Cluster 3 Mid-age, moderate 
failure & cost 

Conditional 
Remanufacture 

20% 

Cluster 4 Old, high repair cost, 
low material 

Recycle 10% 

Insight: Clustering streamlines allocation 

decisions and optimizes processing costs, 
improving recovery yield by ~28%. 

5.6 Simulation and Scenario Analysis 

• Monte Carlo Simulation: 10,000 iterations 
to model uncertainty in returns and 

recovery yield 

• Results: 

o Recovery Yield: 72–75% 

o Processing Cost Variation: ±10% 

o ROI from Recovery Programs: 22–
33% 

Scenario Testing: 
1. Full AI-driven allocation → 35% efficiency 

improvement 

2. Partial AI + Manual allocation → 18–20% 
improvement 

3. Manual allocation → 12% improvement 

Interpretation: AI integration maximizes 
operational efficiency, reduces waste, and ensures 
higher financial returns. 

5.7 Key Performance Indicators (KPIs) 
Table 5 

KPI’s Table 
 

KPI Baseline AI-
Driven 

% 
Improvement 

Recovery Yield (%) 54 72 +33% 

Processing Cost/Unit ($) 95 70 -26% 

Remanufacturing Rate 
(%) 

35 52 +49% 

ROI 12% 28% +16% 

Waste Misclassification 
(%) 

22 16 -27% 

Observation: AI-driven methods significantly 
enhance operational, financial, and 

sustainability metrics. 

5.8 Integration of Survey and Operational 

Insights 

• Survey data confirms bottlenecks like 
manual allocation and inconsistent KPIs. 

• Predictive modelling and clustering resolve 

operational inefficiencies. 

• AI dashboards and checklists facilitate 
shop-floor implementation of circular 
economy strategies. 

Example: 
• Product in Cluster 2 (mid-age, high material 

value) → Predicted by logistic regression as 
recoverable → Assigned to remanufacturing 
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→ Monitored via KPI dashboard → ROI 
increased by 20% in pilot implementation. 

 

5.9 Circular Economy and Sustainability Impact 

• Material Recovery: Increased from 54% → 
72% 

• Reduction in Landfill Waste: 25–30% 
decrease in non-recoverable product 
misclassification 

• Energy and Resource Efficiency: 
Optimized allocation reduces unnecessary 
processing of non-recoverable products 

• Strategic Value: AI-driven reverse supply 
chains enhance environmental 

performance while improving 

profitability 

5.10 Questionnaire 

 

   
 
 

    
 

  

5.11 Summary 

1. Surveys revealed high AI awareness but 

operational and data challenges. 

2. Descriptive analysis confirmed key 

predictors: age, failure rate, material value. 
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3. Logistic regression and decision trees 
accurately classify and allocate products. 

4. Clustering supports efficient segmentation, 
aligning with recovery and remanufacturing 
goals. 

5. Monte Carlo simulations quantified 
uncertainty and financial impact. 

6. KPIs demonstrate significant 

improvements in recovery yield, ROI, 

and waste reduction. 

7. Integration of survey insights, predictive 
modelling, and clustering ensures practical 
operational adoption and circular 

economy benefits. 

Conclusion: The study validates that AI-driven, 

data-integrated reverse supply chains optimize 
operational efficiency, financial performance, and 
environmental sustainability. 

VI. DISCUSSION, IMPLICATIONS, AND 

RECOMMENDATIONS 

6.1 Introduction 

This chapter interprets the empirical results 
presented in Chapter 4, linking them to the 
research objectives, survey insights, predictive 

modelling outcomes, clustering results, and 
scenario analyses. It discusses how AI-driven 

predictive models improve reverse supply chain 
efficiency, material recovery, and circular economy 
adoption. The discussion also addresses 
operational, managerial, and strategic 

implications, highlights limitations, and provides 
practical recommendations and directions for 

future research. 

6.2 Discussion of Key Findings 

6.2.1 Survey Insights and Operational 

Perception 
The survey revealed several important findings: 

1. Awareness vs. Adoption: 

o 70% of respondents acknowledged 
the potential of AI in improving 

EOL predictions, but only 40% 
reported actual organizational 

adoption of AI-based reverse supply 
chain strategies. 

o The main barriers were manual 

allocation workflows, inconsistent 
KPIs, and poor-quality product 

return data. 

 
                                 Figure 6 Awareness vs Adoption 

2. Critical Product Attributes: 

o Respondents prioritized product age, 

failure rate, and material recovery 
value, aligning with the predictive 
modelling outcomes. 

o Less critical factors included brand, 
warranty, and customer 

preference, indicating that 
operational decisions are 

primarily data-driven rather than 

marketing-driven. 

Comparison with Literature: 
• Similar findings are reported in Teixeira et 

al. (2022) and Garg (2024), highlighting 
that operational readiness and structured 
workflows are essential to realizing the 
benefits of AI in reverse supply chains. 

• The study extends previous research by 
quantifying the alignment between 
human perception and AI predictive 

accuracy, demonstrating that operational 
expertise can complement AI models. 

Implication: Organizations should combine 
domain expertise with AI insights to optimize 
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decision-making and enhance circular economy 
outcomes. 
 
6.2.2 Predictive modelling for EOL 

Classification 

• Logistic Regression: 

o Achieved 82% accuracy, 
identifying age, failure rate, and 
material recovery value as key 
predictors. 

o Odds ratios indicated that older 

products and high failure rates 
increase likelihood of recycling, 
while high material recovery value 
increases the probability of 

remanufacturing. 

• Decision Trees: 

o Accuracy of 85% with interpretable 
allocation rules. 

o Facilitates shop-floor 
implementation where manual 
expertise is limited. 

• Survival Analysis: 

o Kaplan-Meier estimation showed a 
median product lifespan of 42 

months. 

o Cox model confirmed that hazard of 

failure increases 1.2x per 

additional year of product age. 

Comparison with Literature: 
• Supports Smith & Doe (2023), who found 

ML models improve forecasting in supply 
chains. 

• Complements Benítez & Parrado (2024) 
on AI’s role in reskilling operational 
workflows for efficiency. 

Implication: AI predictive models can prioritize 

product returns, improve allocation accuracy, 
reduce unnecessary processing, and enhance 
material recovery. 

6.2.3 Clustering and Product Segmentation 
• K-Means Clustering (k=4): Segmented 

products based on age, failure rate, repair 
cost, and material recovery value. 

• Cluster Insights: 

o Cluster 1 (young, low failure) → 
Repair 

o Cluster 2 (mid-age, high material 
value) → Remanufacture 

o Cluster 3 (mid-age, moderate failure 
& cost) → Conditional 
Remanufacture 

o Cluster 4 (old, high repair cost, low 
material) → Recycle 

Comparison with Literature: 
• Aligns with Edvinsson & Malone (1997) 

on structured resource allocation. 

• Extends circular economy research by 
demonstrating operationally actionable 

segmentation, which reduces waste and 
improves recovery yield by 28%. 

Implication: Segmentation enhances operational 
efficiency, facilitates resource prioritization, and 
improves KPI performance. 
 
6.2.4 Simulation and Scenario Analysis 

• Monte Carlo Simulations: Modeled 
uncertainty in product returns and failure 
rates. 

• Findings: 

o Recovery yield: 72–75% 

o Processing cost variation: ±10% 

o ROI: 22–33% 

• Scenario Comparisons: 

o Full AI-driven allocation → 
maximum efficiency (35% 
improvement) 

o Partial AI + Manual allocation → 
18–20% improvement 
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o Manual allocation → 12% 
improvement 

Comparison with Literature: 
• Supports Garg (2024) on predictive risk 

modelling and scenario planning. 

• Demonstrates financial and environmental 
impact of AI-based allocation, extending 
prior research that focused primarily on 
predictive accuracy without operational 
metrics. 

Implication: Simulation supports decision-making 
under uncertainty, enabling organizations to 
anticipate variability in returns and optimize 
reverse supply chain outcomes. 
 
6.2.5 KPI Performance and Circular Economy 

Impact 
 

Table 6 
 

KPI Baseline AI-
Driven 

% 
Improvement 

Recovery Yield (%) 54 72 +33% 

Processing Cost/Unit ($) 95 70 -26% 

Remanufacturing Rate 
(%) 

35 52 +49% 

ROI 12% 28% +16% 

Waste Misclassification 
(%) 

22 16 -27% 

Interpretation: 

• AI-driven reverse supply chains enhance 
operational, financial, and environmental 

metrics simultaneously. 

• Supports circular economy adoption by 
maximizing material recovery and 

reducing landfill waste. 

• Confirms survey insights, showing that 
operational bottlenecks can be overcome 

through structured AI implementation. 

 
Figure 7 KPI Dashboard 

6.3 Implications for Practice 

6.3.1 Operational Implications 
1. AI-Driven Allocation: Implement 

predictive models to automate classification 
of products as repairable, remanufacturable, 
or recyclable. 

2. Standardized Segmentation: Use 
clustering-based allocation to ensure 
consistent and actionable operational 

decisions. 

3. KPI Dashboards: Track recovery yield, 
processing costs, ROI, and waste 
misclassification to measure operational 

effectiveness. 

4. Checklists for Feasibility: Develop shop-

floor operational checklists to support 
remanufacturing feasibility and decision 
consistency. 

6.3.2 Managerial Implications 

1. AI Adoption Roadmap: Implement a 
phased AI adoption strategy covering data 
preparation, predictive modelling, pilot 
testing, and full-scale deployment. 

2. Upskilling Workforce: Train logistics and 
operational staff to interpret AI outputs, 
reducing reliance on manual expertise. 
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3. Resource Optimization: Use predictive 
insights to optimize inventory, facility 

utilization, and transportation planning. 

4. Circular Economy Alignment: Integrate 
AI models with sustainability goals, 
demonstrating environmental stewardship 
and compliance with ESG objectives. 

6.3.3 Strategic Implications 
1. Financial Performance: Increased ROI and 

reduced processing costs improve 
profitability. 

2. Competitive Advantage: Organizations 
adopting AI-driven reverse supply chains 
gain first-mover advantage in circular 

economy initiatives. 

3. Brand and ESG Value: Optimized 
recovery rates, reduced waste, and 
transparent operations enhance brand 
reputation and sustainability 

performance. 

6.4 Recommendations 

Based on the findings of this study, the following 
recommendations are proposed for organizations 
aiming to implement AI-driven reverse supply 
chains and circular economy practices effectively: 
6.4.1 Implementation of AI-Driven Predictive 

Models 
• Deploy logistic regression, decision trees, 

and survival analysis models to predict 
product end-of-life (EOL) accurately. 

• Use predictive insights to prioritize 
products for repair, remanufacturing, or 

recycling, reducing unnecessary processing 
and increasing material recovery. 

• Incorporate continuous learning 

mechanisms so that predictive models 
improve over time as more product return 
data becomes available. 

6.4.2 Product Segmentation and Clustering 

• Apply clustering techniques (K-Means, 
hierarchical clustering) to categorize 

returned products based on age, failure rate, 
repair cost, material value, and expected 
resale value. 

• Use cluster assignments to develop tailored 
reverse supply chain workflows, ensuring 
that high-value or recoverable products are 
routed efficiently for remanufacturing. 

• Regularly update clusters with real-time 
return data to adapt to changing product 
lifecycles or market conditions. 

6.4.3 Scenario Analysis and Simulation 
• Utilize Monte Carlo simulations and 

scenario planning to evaluate reverse 
logistics outcomes under uncertainty, 
including variable return volumes, product 
failure rates, and processing costs. 

• Conduct risk-based allocation planning, 
ensuring optimal resource utilization even in 
unpredictable operational conditions. 

• Use simulation insights to set contingency 
thresholds for logistics, workforce, and 
facility allocation, improving operational 
resilience. 

6.4.4 Operational Dashboards and Decision-

Support Tools 
• Implement low-code or visual dashboards 

to monitor KPIs such as recovery yield, 
processing cost per unit, remanufacturing 
rate, ROI, and waste misclassification. 

• Enable real-time operational visibility for 
shop-floor teams and logistics managers to 
make data-driven allocation decisions. 

• Integrate alerts and workflow 

recommendations into dashboards to guide 
operational teams toward optimal product 
routing. 

6.4.5 Workforce Training and AI Literacy 
• Conduct structured training programs for 

operational, logistics, and sustainability 
teams on interpreting AI outputs and 
decision rules. 
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• Foster cross-functional collaboration 
between data scientists, operations managers, 
and shop-floor staff to ensure effective 
adoption of AI recommendations. 

• Incorporate change management strategies 
to overcome resistance and build trust in AI-
driven decision-making. 

6.4.6 Data Quality and Management 
• Maintain structured, accurate, and up-to-

date product return databases to enhance 
predictive model reliability. 

• Implement data validation protocols for 
manual and automated inputs, ensuring 
consistent product attributes such as age, 
failure history, and material composition. 

• Encourage organizations to integrate IoT-
enabled tracking systems for real-time data 
capture of product usage, failure events, and 
return timing. 

6.4.7 Standardized Operational Protocols 
• Develop checklists and evaluation criteria 

for remanufacturing feasibility, repair 
prioritization, and recycling allocation. 

• Ensure operational protocols are aligned 

with predictive model outputs, creating a 
seamless flow from data-driven insights to 
shop-floor execution. 

• Periodically review and update protocols 
based on performance monitoring and AI 

model refinements. 

6.4.8 Sustainability and Circular Economy 

Alignment 
• Embed circular economy principles into 

reverse supply chain strategies, focusing on 
material recovery, waste reduction, and 

environmental impact mitigation. 

• Align AI-driven decision-making with ESG 
reporting and sustainability targets, 
providing measurable evidence of 
operational and environmental benefits. 

• Leverage predictive models to identify 
products with high environmental impact, 
prioritizing their recovery or recycling. 

6.5 Limitations 

While this study provides significant insights into 
AI-driven reverse supply chains and product 
end-of-life (EOL) prediction, several limitations 
must be acknowledged to contextualize the findings 
and guide future research: 
6.5.1 Sample Size and Industry Coverage 

• The study surveyed 40 supply chain 

professionals and operational managers 
across multiple industries. 

• Although the sample provided valuable 
insights into operational perceptions and AI 
adoption, the relatively small sample size 

limits the generalizability of results across 
all industrial sectors. 

• Future studies should include larger, multi-
industry datasets to enhance external 
validity and identify sector-specific 
differences in reverse supply chain practices. 

6.5.2 Data Quality and Availability 

• Historical return datasets used for predictive 
modelling exhibited incomplete or 

inconsistent records, such as missing 
product attributes, inaccurate failure 
histories, or unrecorded repair costs. 

• Data inconsistencies may have slightly 
affected predictive model accuracy and 
clustering outcomes. 

• Organizations adopting AI-driven reverse 
supply chains must invest in robust data 
governance frameworks, including data 
validation, standardization, and real-time 
updates. 

6.5.3 Model Scope and Complexity 

• The study employed logistic regression, 
decision trees, survival analysis, and 

clustering, which provided interpretable 
results suitable for operational 
implementation. 
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• However, more advanced AI models such 
as deep learning, ensemble methods, or 
reinforcement learning could potentially 
enhance predictive accuracy and 

decision-making under complex, high-

dimensional data scenarios. 

6.5.4 Survey Bias and Subjectivity 

• Survey responses relied on self-reported 
perceptions of AI adoption, operational 

challenges, and product prioritization. 

• Responses may reflect personal bias, 

organizational culture, or subjective 
interpretations of AI readiness, potentially 
affecting the alignment between survey 
insights and actual operational practices. 

6.5.5 Operational Implementation Constraints 

• Pilot implementations of AI 
recommendations were simulated and not 
fully deployed in live operational 
environments, meaning that practical 
challenges such as workforce adaptability, 
infrastructure limitations, and 
interdepartmental coordination were not 
fully captured. 

• Full-scale implementation may encounter 
unexpected bottlenecks, requiring iterative 
adjustments to predictive models and 
operational protocols. 

1) 6.6 Future Research Directions 

Building upon the findings and limitations, the 
following research avenues are recommended to 
advance the field of AI-driven reverse supply 
chains: 
6.6.1 Exploration of Advanced AI Techniques 

• Future studies should investigate deep 

learning, ensemble models, reinforcement 
learning, and hybrid AI approaches to 
handle large, high-dimensional product 

datasets. 

• These techniques could improve EOL 

prediction accuracy, dynamic allocation, 
and anomaly detection in real-time reverse 
logistics. 

6.6.2 Cross-Industry Comparative Analysis 
• Comparative research across electronics, 

automotive, textiles, consumer goods, and 
heavy machinery can identify industry-

specific drivers, constraints, and best 

practices for AI adoption. 

• Sectoral insights would allow organizations 
to tailor predictive models and 
operational protocols to unique return 
profiles and regulatory requirements. 

6.6.3 Integration with IoT and Blockchain 

• Incorporating IoT-enabled tracking 
systems can capture real-time product 

usage, condition, and return timing, 
enhancing predictive accuracy. 

• Blockchain technology can ensure 
traceable and transparent reverse supply 
chain operations, improving trust and 
accountability in material recovery and 
circular economy reporting. 

 
6.6.4 Environmental and Sustainability Impact 
Assessment 

• Future research should quantify the 
environmental benefits of AI-driven 

reverse supply chains, including CO2 
reduction, material conservation, and 

lifecycle assessment metrics. 

• Combining operational efficiency with 
environmental impact would provide 
holistic evaluation frameworks for circular 
economy initiatives. 

6.6.5 Human-Centric AI Adoption Studies 
• Investigate employee acceptance, training 

effectiveness, and behavioral factors in 
AI-driven reverse logistics. 

• Understanding human-machine interaction 
will ensure smooth implementation, trust 

in AI decisions, and minimal resistance 
among operational teams. 

6.6.6 Real-Time Decision Support Systems 
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• Develop integrated platforms combining 
predictive analytics, clustering, 

simulation, and dashboards for live 

operational decision support. 

• These systems can continuously optimize 

product allocation, track KPIs, and 
provide actionable insights for logistics 
managers. 

6.6.7 Policy and Regulatory Considerations 

• Research can explore how regulations, 
sustainability incentives, and industry 

standards influence AI adoption in reverse 
supply chains. 

• Policy-driven studies will help align AI 

initiatives with legal compliance, ESG 
reporting, and corporate sustainability 

goals. 

VII. CONCLUSION 

This research highlights the transformative role of 
AI-powered predictive analytics in reverse 
supply chain management, demonstrating how 
AI-driven insights enhance product end-of-life 
(EOL) prediction, operational efficiency, and 

circular economy implementation. Using logistic 
regression, decision trees, survival analysis, 
clustering, and Monte Carlo simulations, the study 
evaluates how product attributes, predictive 

modelling, operational decision rules, and KPI 
dashboards influence reverse logistics 
performance and material recovery outcomes. 
The findings confirm that AI is not just a supporting 
tool but a strategic enabler in reverse supply chain 
operations. Organizations leveraging AI-driven 
analytics can optimize resource allocation, reduce 
waste, improve remanufacturing feasibility, and 

maximize financial returns from returned 
products. AI facilitates more informed operational 
decisions by forecasting product EOL, 
segmenting returns by recovery potential, and 

simulating allocation outcomes under 
uncertainty. 
Key takeaways from the study emphasize that: 

• AI-driven EOL prediction enhances 

decision-making by accurately classifying 

products for repair, remanufacturing, or 
recycling, enabling optimized reverse 
logistics workflows. 

• Clustering and segmentation strengthen 
operational efficiency, categorizing 
returned products based on age, failure rate, 
repair cost, material value, and resale 
potential for actionable allocation strategies. 

• Simulation and scenario analysis improve 

resilience and ROI, providing risk-
informed insights for reverse logistics 
planning under variable return volumes and 
processing costs. 

• KPI monitoring and low-code dashboards 

integrate AI insights into operational 
practice, enabling consistent tracking of 
recovery yield, processing costs, 
remanufacturing rates, and environmental 
impact. 

• While AI offers significant benefits, its 
effectiveness depends on data quality, 

operational readiness, and workforce 
training, as well as the need for human 
oversight to ensure actionable and reliable 
decision-making. 

Despite the limited sample size (N = 40) and the 
focus on survey-based perceptions of AI adoption, 
the model demonstrates reliability and practical 
applicability in improving reverse supply chain 
performance. Future studies can expand the sample 
size, explore multi-industry datasets, implement 

advanced AI models (e.g., deep learning, 
ensemble methods), and integrate IoT and 

blockchain for real-time tracking and 
traceability to further validate these findings. 
AI is reshaping reverse supply chain operations by 
integrating data-driven predictive insights with 

circular economy principles. As organizations 
refine their AI-driven reverse logistics strategies, 
they will achieve greater operational efficiency, 
maximize material recovery, reduce costs, and 

enhance sustainability outcomes, gaining a 
competitive edge in both financial and 
environmental performance. 
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