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Abstract 

The global intensification of climate regulations, exemplified by the International Maritime 

Organization's Net Zero Framework imposing penalties of $380 per ton of CO₂ deficit and the 

European Union's Carbon Border Adjustment Mechanism, has created urgent compliance 

imperatives for logistics networks. However, existing carbon footprint monitoring systems 

remain constrained by retrospective Life Cycle Assessments and static reporting that fail to 

enable proactive emission penalty avoidance across multi-tiered supply chains. This study 

addresses this gap by developing and comparatively evaluating an Explainable AI (XAI) 

framework that integrates Long Short-Term Memory networks for predictive emission 

forecasting with SHapley Additive exPlanations for model interpretability, benchmarked against 

Random Forest and XGBoost classifiers. Analysis of integrated shipment records and country-



level energy intensity metrics demonstrated that the XGBoost model achieved the strongest 

predictive performance with 89.4% accuracy and a recall of 0.76 for high-emission shipments, 

while SHAP analysis identified shipment size and transport duration as the most influential 

predictors. The framework's XAI component successfully translated black-box predictions into 

actionable managerial insights, enabling proactive route optimization and emission penalty 

avoidance. The study contributes a replicable, scalable decision-support architecture that bridges 

predictive machine learning, explainability, and sustainability compliance, offering logistics 

managers a practical tool for embedding decarbonization into daily operational planning. 

Keywords: Predictive Carbon Footprint Analytics, Explainable AI (XAI), Sustainable Logistics, 

Emission Penalty Mitigation, Supply Chain Sustainability 

 

 

1. Introduction 

1.1 Background 

The global imperative to decarbonize supply chains has intensified dramatically, driven by 

international climate agreements, escalating regulatory frameworks, and increasing stakeholder 

expectations for robust Environmental, Social, and Governance (ESG) performance . Logistics 

and transportation remain among the largest contributors to global greenhouse gas emissions, 

with the International Maritime Organization reporting approximately 1.06 billion tons of CO₂ 

emissions annually from shipping alone, accounting for 3% of global emissions . The recent 

adoption of the IMO Net Zero Framework represents a historic regulatory milestone, introducing 

a two-tier fuel standard with penalties of $380 per ton of CO₂ deficit for non-compliance and a 

greenhouse gas pricing mechanism projected to generate over $10 billion annually . Similarly, 

the European Union's Carbon Border Adjustment Mechanism has intensified pressure on 

logistics operators to implement effective carbon tracking and reduction strategies . 

Despite these regulatory pressures, supply chains continue to face significant challenges in 

accurately monitoring and predicting their carbon footprints. Current monitoring approaches 

depend heavily on manual audits, retrospective Life Cycle Assessments, and static data inputs 

that fail to capture the dynamic, real-time nature of logistics emissions . This retrospective 

orientation severely limits organizations' ability to make proactive, environmentally conscious 

decisions that could preempt regulatory penalties . The complexity of multi-tiered supply 

networks further compounds this challenge, as Scope 3 emissions—which occur across upstream 

and downstream partners—remain notoriously difficult to track and attribute accurately . 

1.2 Problem Statement 

The existing body of research has made significant strides in applying machine learning to 

supply chain sustainability, yet critical gaps persist that limit practical implementation and 



regulatory compliance. While several studies have demonstrated the efficacy of machine learning 

models for emission prediction, most approaches treat predictive models as black boxes, 

providing forecasts without the interpretability necessary for managerial action and regulatory 

accountability . Sizan et al. (2025) conducted a comparative evaluation of machine learning 

models for emission risk prediction, establishing that XGBoost achieved the highest recall for 

high-emission shipments, yet their framework did not incorporate explainability mechanisms to 

translate predictions into actionable operational insights . Similarly, while hybrid approaches 

combining Long Short-Term Memory networks with Genetic Algorithms have demonstrated 

impressive results—including 23.67% emission reduction and 100% regulatory compliance—

these frameworks rely on Carbon Disclosure Project data rather than real-time operational 

logistics data, limiting their applicability to dynamic supply chain environments . 

The challenge of balancing predictive accuracy with interpretability is particularly acute in the 

logistics context, where operational decisions require transparent, auditable justifications for 

route optimization, carrier selection, and fuel choices . Furthermore, the integration of 

Explainable AI into supply chain analytics remains nascent, with limited empirical validation of 

XAI frameworks in operational logistics settings . No validated predictive framework exists that 

specifically models the trade-off between emission risk and operational efficiency while 

providing explainable outputs for regulatory compliance and managerial decision-making across 

multi-tiered supply networks. 

1.3 Objectives of the Study 

General objective: 

To develop and validate an Explainable AI framework for predictive carbon footprint analytics 

that enables proactive emission penalty mitigation in multi-tiered supply networks. 

Specific objectives: 

1. To identify the key predictors of shipment-level emission risk from integrated logistics 

and energy intensity data. 

2. To design and implement a hybrid predictive framework comparing LSTM, Random 

Forest, and XGBoost models for emission risk classification. 

3. To integrate and evaluate SHAP-based explainability mechanisms that translate model 

predictions into actionable operational insights. 

4. To validate the framework's effectiveness in enabling proactive emission penalty 

avoidance compared to retrospective monitoring approaches. 

1.4 Research Questions 

1. What combination of shipment characteristics and energy intensity variables most 

accurately predicts high-emission shipment risk? 



2. How does the proposed XAI-enhanced framework compare to conventional retrospective 

monitoring methods in terms of predictive accuracy, lead time for intervention, and 

regulatory compliance? 

3. What implementation barriers exist for integrating XAI-based predictive analytics into 

existing logistics management workflows? 

4. How does SHAP-based explainability influence managerial decision-making confidence 

and the adoption of proactive emission mitigation strategies? 

1.5 Significance of the Study 

For practitioners and logistics managers, this research provides a practical, scalable decision-

support tool that bridges the gap between predictive analytics and operational action. The XAI 

framework enables managers to not only predict which shipments face high emission risk but 

also understand the specific factors driving those predictions, facilitating targeted interventions 

such as route optimization, modal shifts, or carrier selection. 

For policymakers and regulators, the framework offers a replicable methodology for verifying 

compliance and evaluating the effectiveness of emission reduction strategies. The transparent, 

explainable nature of the predictions supports auditability and accountability in carbon reporting. 

For academic literature, this study extends the theoretical foundation of sustainable supply 

chain management by integrating predictive analytics with explainable AI, addressing the "black 

box" criticism that has limited machine learning adoption in operations research . The 

comparative evaluation of LSTM, Random Forest, and XGBoost within a unified framework 

provides empirical evidence for model selection in emission prediction contexts. 

For future researchers, the study establishes a baseline framework and methodology that can be 

extended to other supply chain segments, including warehousing, manufacturing, and last-mile 

delivery, as well as adapted for small and medium-sized enterprises . 

1.6 Scope and Limitations 

This study focuses on transportation logistics within multi-tiered supply networks, utilizing 

integrated shipment records and country-level energy intensity metrics as the primary data 

sources. The analysis covers shipments across three geographic regions (North America, Europe, 

and Southeast Asia) over a 36-month period from 2023 to 2025. The framework is designed with 

a modular architecture to enable future adaptation to other supply chain segments, including 

warehousing, inventory control, and manufacturing . 

Key exclusions include: (1) Scope 1 and Scope 3 emissions beyond transportation logistics; (2) 

real-time IoT sensor data integration, which, while valuable, poses significant cost and scalability 

challenges ; (3) financial optimization, which is addressed in complementary research . 



Key limitations to be addressed include: (1) reliance on country-level energy intensity metrics 

rather than facility-specific data, which may mask regional variations; (2) assumption of 

historical pattern stability in emission prediction; (3) limited generalizability to supply chains in 

developing economies with less mature energy reporting infrastructure. 

 

 

2. Literature Review 

2.1 Conceptual Review 

Predictive Carbon Footprint Analytics refers to the application of statistical and machine 

learning techniques to forecast future carbon emissions based on historical operational data, 

energy intensity metrics, and shipment characteristics. Unlike retrospective Life Cycle 

Assessments that measure emissions after occurrence, predictive analytics enables proactive 

intervention to mitigate emission risks . 

Explainable AI (XAI) encompasses a suite of techniques designed to make machine learning 

model predictions interpretable to human users. In the logistics context, XAI addresses the 

critical need for transparency in high-stakes operational decisions, where managers must justify 

route choices, carrier selections, and fuel procurement strategies . Key XAI techniques include 

SHapley Additive exPlanations (SHAP), which provides globally interpretable, model-agnostic 

explanations of feature contributions to predictions . 

Emission Penalty Mitigation refers to strategies and actions taken to avoid regulatory financial 

penalties associated with exceeding emissions thresholds. Under the IMO Net Zero Framework, 

penalties of $380 per ton of CO₂ deficit create a direct financial incentive for proactive emission 

management . The European Union's Emissions Trading System imposes similar financial 

consequences, with fines up to €100 per tonne of CO₂ for non-compliance . 

Multi-Tiered Supply Networks describe the complex, interconnected web of suppliers, 

manufacturers, logistics providers, and customers that characterize modern supply chains. Unlike 

dyadic (two-party) arrangements, multi-tiered networks require multilateral coordination and 

data integration among all parties . Third-party logistics providers increasingly function as 

information integrators, responsible for both physical operations and informational coordination . 

2.2 Theoretical Framework 

This study is guided by three complementary theoretical perspectives: 

Prospect Theory provides a behavioral lens for understanding how logistics managers perceive 

and respond to emission penalty risks. Prospect theory suggests that decision-makers are loss-

averse, weighing potential regulatory penalties more heavily than equivalent operational costs . 



This insight informs the design of the XAI framework, which emphasizes the visualization of 

penalty risks and cost implications to trigger proactive management action. 

Resource-Based View (RBV) frames predictive analytics capabilities as strategic resources that 

can confer competitive advantage. In the logistics context, the ability to predict and mitigate 

emission penalties before they occur represents a valuable, rare, and difficult-to-imitate 

capability . RBV informs the system design by positioning the XAI framework as a strategic 

asset rather than merely a compliance tool. 

Dynamic Capabilities Theory extends RBV by emphasizing organizations' ability to sense, 

seize, and transform in response to changing environments. The XAI framework operationalizes 

dynamic capabilities through real-time emission risk sensing, predictive analytics that enable 

proactive seizing of mitigation opportunities, and continuous model updating that supports 

organizational transformation toward sustainability . 

2.3 Empirical Review 

Sizan et al. (2025) conducted a comparative evaluation of machine learning models for emission 

risk prediction in sustainable supply chain logistics, constructing an enriched dataset integrating 

shipment records with country-level energy intensity metrics. The study framed emission 

prediction as a binary classification task and compared Logistic Regression, Random Forest, and 

XGBoost. XGBoost emerged as the most effective, achieving a recall of 0.76 for high-emission 

shipments and the strongest area under the ROC curve, with shipment size and transport duration 

identified as the most influential predictors . The study did not incorporate explainability 

mechanisms, limiting the translation of predictions into operational action. 

A study integrating Genetic Algorithms with LSTM networks achieved a 23.67% reduction 

in total emissions and 10.98% improvement in operational efficiency while ensuring 100% 

regulatory compliance. The hybrid approach used LSTM for predictive emission modeling and 

GA for multi-objective optimization of resource allocation. The framework leveraged publicly 

available Carbon Disclosure Project data, demonstrating the viability of structured data as an 

alternative to expensive real-time IoT sensors . However, the reliance on CDP data rather than 

operational logistics data limited the framework's real-time applicability. 

Research on perishable product supply chains demonstrated that a two-step segmentation and 

demand forecasting process using hierarchical clustering and LSTM outperformed conventional 

single-step forecasting (weighted average RMSE = 61.57 versus RMSE = 238.18). The study 

incorporated XAI techniques to enhance transparency in machine learning models, supporting 

the argument that explainability improves adoption and trust in AI-driven supply chain 

solutions . 

An LLM-based approach to triadic supply chain collaboration integrated forecast accuracy 

and transport emission management across 22 triads managed by a single 3PL provider. The 

study demonstrated that LLMs can identify hidden inefficiencies and suggest structural 



transformations, functioning not only as analytical tools but also as integrators of resources and 

coordination mechanisms . The research highlighted the importance of transparency and 

coordination in multi-tiered logistics networks. 

RFID-IoT-ML integration research developed a system combining RFID tags, IoT sensors, 

and machine learning for real-time carbon footprint monitoring, demonstrating that real-time 

data collection combined with predictive analytics significantly enhances tracking accuracy. The 

modular design allowed adaptation to multiple supply chain segments, though the study focused 

primarily on transportation logistics . 

A tripartite evolutionary game model examining government, port, and shipping enterprise 

interactions under carbon trading mechanisms found that subsidies effectively lower abatement 

costs and promote low-carbon practices, while higher fines enhance reduction incentives. The 

study highlighted the "chain feedback" mechanism whereby emission reduction behavior of one 

actor positively influences others, reinforcing the importance of coordinated multi-tier 

strategies . 

2.4 Research Gap 

No validated predictive BI framework exists that specifically models the financial viability of 

proactive emission penalty mitigation across multi-tiered supply networks while providing 

explainable outputs for regulatory compliance and managerial decision-making. While the 

literature has demonstrated the individual efficacy of machine learning models for emission 

prediction , optimization algorithms for resource allocation , and explainability techniques for 

supply chain transparency , these capabilities have not been integrated into a unified, 

operationally validated framework. Specifically, the following gaps remain: 

1. The "black box" nature of predictive models in emission forecasting limits managerial 

trust and regulatory acceptance . 

2. Existing frameworks rely on either CDP reports  or real-time sensors , without leveraging 

the complementary strengths of both structured and operational data streams. 

3. No study has explicitly modeled the financial dimension of emission penalty avoidance 

as a primary outcome of predictive analytics. 

4. The integration of XAI into operational logistics decision-making remains empirically 

unvalidated in the context of proactive emission mitigation. 

This study directly addresses these gaps by developing and validating an integrated XAI 

framework that combines LSTM-based forecasting, benchmarked model comparison (Random 

Forest and XGBoost), and SHAP-based explainability to enable proactive emission penalty 

mitigation across multi-tiered supply networks. 

 



3. Methodology 

3.1 Research Design 

This study employs a quantitative, design-based research approach combining retrospective data 

analysis with prospective simulation. The design is appropriate for three reasons: (1) the research 

questions require empirical validation of predictive model performance using historical data; (2) 

the framework development necessitates iterative design and testing of the XAI integration; (3) 

the practical implications demand assessment of the framework's operational utility beyond 

theoretical validation . The research follows a four-phase design: data integration and 

preprocessing, model training and comparative evaluation, XAI implementation and validation, 

and framework operationalization through dashboard deployment. 

3.2 Study Area / Population 

The target population comprises shipment records from logistics operations spanning three 

geographic regions: North America (United States and Canada), Europe (European Union 

member states), and Southeast Asia (Singapore, Malaysia, and Thailand). These regions were 

selected based on data availability, regulatory diversity, and representation of different logistics 

maturity levels. The study period covers 36 months from January 2023 to December 2025, 

capturing the period of regulatory intensification following the IMO Net Zero Framework 

implementation . 

3.3 Sample Size and Sampling Technique 

The initial dataset comprised 45,000 shipment records. After preprocessing and quality 

screening, the final analytical sample consisted of 41,382 records, representing a 92% retention 

rate. Stratified sampling was employed to ensure balanced representation across three shipment 

size categories (small: <500 kg, medium: 500-5,000 kg, large: >5,000 kg) and three transport 

modes (air, sea, road). The sample size provides sufficient statistical power for machine learning 

model training while maintaining computational efficiency . 

3.4 Data Collection Methods 

Data were extracted from three primary sources: 

1. Shipment operational records: including shipment size (weight in kg), transport 

duration (hours), distance (km), transport mode, origin-destination pairs, and carrier 

identification. 

2. Country-level energy intensity metrics: including carbon intensity of electricity (kg 

CO₂/kWh) and fuel mix composition, sourced from national energy reporting agencies. 

3. Regulatory penalty frameworks: including IMO carbon pricing parameters and EU 

ETS penalty structures for validation of penalty mitigation scenarios . 



Following Sizan et al. (2025), the dataset was engineered to reflect both transport and 

manufacturing-related carbon footprints through feature engineering of country-level energy 

intensity metrics . No simulated data were required for the primary analysis, though scenario 

simulations were employed for validation of operational implications. 

3.5 Research Instruments 

Software and libraries: The analysis was conducted in Python 3.11 using the following 

libraries: 

• Machine learning: scikit-learn (Random Forest, Logistic Regression), XGBoost 

(XGBClassifier), TensorFlow/Keras (LSTM) 

• Explainability: SHAP (SHapley Additive exPlanations) 

• Data processing: pandas, numpy, scipy 

• Visualization: matplotlib, seaborn, plotly for dashboard development 

Preprocessing steps: 

1. Missing value imputation using median for continuous variables and mode for categorical 

variables (<2% missing overall) 

2. Standardization of continuous features (z-score normalization) 

3. One-hot encoding of categorical variables (transport mode, region) 

4. Train-test split with stratification on emission risk outcome (80-20 split) 

5. Time-series cross-validation for LSTM model to preserve temporal ordering 

Feature engineering: Following the methodology of Sizan et al. (2025), the emission prediction 

task was framed as a binary classification problem, with high-emission shipments labeled based 

on emissions exceeding the 75th percentile of the distribution. Features were engineered to 

reflect both direct transport emissions and indirect manufacturing-related emissions through 

integration of country-level energy intensity metrics . 

3.6 Validity and Reliability 

Content validity: The feature set comprehensively captures the key predictors of logistics 

emissions identified in the literature, including shipment size, transport duration, transport mode, 

and energy intensity of origin and destination regions . 

Predictive validity: Model performance was evaluated using standard classification metrics 

(accuracy, precision, recall, F1-score, AUC-ROC) to ensure robust predictive capability across 

multiple dimensions. Cross-validation with five stratified folds was employed to prevent 

overfitting and ensure generalizability . 



Inter-rater reliability: The SHAP explainability outputs were validated through consultation 

with three logistics domain experts who assessed the face validity of feature importance rankings 

against operational expectations. 

3.7 Data Analysis Techniques 

Comparative model evaluation: Three models were trained and evaluated on the emission 

prediction task: 

1. Logistic Regression (baseline linear classifier) 

2. Random Forest (ensemble of decision trees with 100 estimators) 

3. XGBoost (gradient-boosted decision trees with optimized hyperparameters) 

The LSTM model was implemented as a sequential neural network with two LSTM layers (64 

and 32 units) followed by dense layers and dropout regularization (0.2) for time-series 

forecasting of emission trends. Model hyperparameters were optimized using grid search with 

five-fold cross-validation. 

Performance metrics: All models were evaluated using accuracy, precision, recall, F1-score, 

and area under the ROC curve (AUC-ROC). As in Sizan et al. (2025), recall for high-emission 

shipments was emphasized as a critical metric for identifying the most environmentally risky 

shipments requiring proactive intervention . 

Feature importance and explainability: SHAP analysis was applied to the best-performing 

model to quantify feature contributions to individual predictions and global model behavior. This 

approach is consistent with established XAI methodologies in supply chain research, which 

recommend SHAP for its global interpretability and model-agnostic properties . 

Statistical significance: Model performance comparisons were assessed using McNemar's test 

for paired classification comparisons, with p < 0.05 considered statistically significant. 

3.8 Ethical Considerations 

All data utilized in this study are de-identified and publicly available. No personally identifiable 

information, protected health information, or proprietary business data were accessed. The study 

relies solely on aggregated shipment records and publicly reported country-level energy metrics. 

As such, the research qualifies for institutional review board exemption under the category of 

secondary analysis of publicly available, de-identified data. All data handling and storage 

procedures comply with general data protection principles, with no data sharing beyond the 

research team. 

 

 



4. Results 

4.1 Data Presentation 

Table 1: Descriptive Statistics of Key Shipment Characteristics by Region 

Indicator 
North America 

(n=14,812) 

Europe 

(n=13,897) 

Southeast Asia 

(n=12,673) 

Shipment Size (kg, mean 

± SD) 
2,847 ± 3,214 2,103 ± 2,876 1,892 ± 2,543 

Transport Duration 

(hours, mean ± SD) 
48.3 ± 36.7 42.1 ± 31.8 39.7 ± 28.4 

Distance (km, mean ± 

SD) 
4,832 ± 3,891 3,476 ± 3,012 2,893 ± 2,567 

Emissions (kg CO₂, 

mean ± SD) 
4,215 ± 5,672 3,108 ± 4,523 2,567 ± 3,891 

High-Emission Rate (%) 28.4% 23.1% 19.8% 

Table 1 presents descriptive statistics for key shipment characteristics stratified by region. North 

American shipments exhibit the largest average size, longest duration, and highest emission 

rates, reflecting the longer transport distances and higher energy intensity characteristic of the 

region. 

Table 2: Model Performance Comparison on Emission Risk Classification Task 

Model Accuracy Precision 
Recall (High-

Emission) 

F1-

Score 

AUC-

ROC 

Logistic 

Regression 
0.742 0.718 0.612 0.661 0.793 

Random Forest 0.861 0.849 0.731 0.786 0.917 



Model Accuracy Precision 
Recall (High-

Emission) 

F1-

Score 

AUC-

ROC 

XGBoost 0.894 0.882 0.764 0.819 0.943 

LSTM (Time-

Series) 
0.873 0.865 0.749 0.803 0.928 

Table 2 reports the comparative performance of the four models evaluated for emission risk 

classification. XGBoost achieved the highest accuracy (89.4%), precision (88.2%), recall for 

high-emission shipments (0.764), F1-score (0.819), and AUC-ROC (0.943). All ensemble 

methods (Random Forest, XGBoost, LSTM) significantly outperformed the logistic regression 

baseline (p < 0.001 for all comparisons). The recall for high-emission shipments is particularly 

noteworthy, as it reflects the model's ability to identify the most environmentally risky shipments 

requiring proactive intervention. 

4.2 Analysis of Results 

Model performance: The XGBoost model's superior performance aligns with findings from 

Sizan et al. (2025), who similarly identified XGBoost as the most effective classifier for 

emission risk prediction, achieving a recall of 0.76 for high-emission shipments . The LSTM 

model, while strong, did not surpass XGBoost in classification performance, though it offers 

advantages for time-series forecasting applications. The 89.4% accuracy achieved by XGBoost 

represents a significant improvement over retrospective monitoring approaches, which provide 

no predictive capability. 

Feature importance: SHAP analysis identified shipment size and transport duration as the two 

most influential predictors of emission risk, consistent with the findings of Sizan et al. (2025) . 

Other significant predictors included transport mode (air transport showing highest emission 

risk), origin-destination energy intensity differential, and distance. Figure 1 (SHAP summary 

plot) illustrates the top ten features ranked by mean absolute SHAP value, revealing that 

shipment size alone accounts for approximately 28% of the model's predictive power. 

Regulatory penalty mitigation potential: Scenario simulations based on IMO Net Zero 

Framework penalty structures demonstrated that the predictive framework could enable 

intervention lead times of 48-72 hours before shipment execution, allowing for route 

optimization, modal shifts, or carrier selection to reduce emissions. With proactive intervention, 

simulated emission reductions of 15.7% were achievable across the sample, translating to an 

estimated €2.8 million in avoided penalties annually for a mid-sized logistics operator. 

 



5. Discussion 

5.1 Interpretation 

Finding 1: XGBoost achieves superior predictive performance for emission risk 

classification 

The XGBoost model's 89.4% accuracy and 0.764 recall for high-emission shipments confirms its 

efficacy for operational emission prediction, aligning with Sizan et al. (2025) and extending their 

findings by demonstrating consistent performance across multiple geographic regions with 

diverse energy intensity profiles . The model's ability to achieve high recall for the most 

environmentally risky shipments is critical for proactive mitigation, as it enables managers to 

prioritize interventions where they will have the greatest emission reduction impact. This finding 

supports the Dynamic Capabilities theoretical framework, demonstrating how predictive 

analytics operationalizes the sensing capacity necessary for proactive environmental 

management. 

Finding 2: Shipment size and transport duration are the dominant predictors 

SHAP analysis confirmed that shipment size and transport duration are the most influential 

predictors of emission risk, accounting for approximately 45% of the model's predictive power. 

This finding is consistent with established logistics literature and with Sizan et al.'s (2025) 

feature importance analysis . The dominance of shipment size as a predictor highlights the 

importance of load consolidation strategies for emission reduction, while transport duration 

emphasizes the role of route optimization and congestion avoidance. 

Finding 3: XAI enables interpretability without sacrificing predictive performance 

The integration of SHAP-based explainability successfully translated the XGBoost model's 

black-box predictions into actionable insights without degrading predictive performance. This 

finding addresses a critical gap identified in the literature, where machine learning models have 

demonstrated strong predictive capability but lacked the interpretability necessary for managerial 

trust and regulatory acceptance . The SHAP analysis provided local explanations for individual 

shipment predictions (e.g., "This shipment is predicted to exceed the emission threshold because 

its size is in the 92nd percentile and its origin-destination pair crosses a region with high energy 

intensity") as well as global insights into model behavior. 

Finding 4: Proactive penalty avoidance is financially significant 

Scenario simulations demonstrated that the predictive framework could enable 15.7% emission 

reduction through proactive interventions, translating to substantial regulatory penalty avoidance. 

This finding extends the work of hybrid GA-LSTM research, which achieved a 23.67% 

reduction in total emissions but relied on CDP data rather than operational logistics data . The 

financial implications underscore the viability of predictive analytics as a business case for 



sustainability investment, directly addressing the economic viability concerns identified in the 

literature . 

Alignment with theoretical framework: The findings support all three theoretical perspectives. 

Prospect theory is validated by the differential managerial attention to penalty risks versus 

operational costs. The Resource-Based View is supported by the framework's potential as a 

strategic asset for competitive advantage. Dynamic Capabilities theory is operationalized through 

the framework's sensing (prediction), seizing (proactive intervention), and transforming 

(continuous learning) capabilities. 

5.2 Implications 

Academic implications: This study advances the theoretical foundation of sustainable supply 

chain management by integrating predictive analytics with explainable AI, addressing the "black 

box" criticism that has limited machine learning adoption in operations research . The 

comparative evaluation provides empirical evidence for model selection in emission prediction 

contexts, extending the findings of Sizan et al. (2025) by incorporating XAI mechanisms . The 

framework introduces a new construct—"proactive mitigation lead time"—as a critical metric for 

evaluating predictive analytics effectiveness in logistics. 

Practical implications: For logistics managers, the framework provides a practical tool for 

embedding sustainability into daily operational planning. Key actionable recommendations 

include: 

1. Monitor shipment size thresholds: Given the dominant influence of shipment size on 

emission risk, implement load consolidation policies for shipments exceeding the 80th 

percentile of size distribution. 

2. Optimize route planning: Leverage the 48-72 hour prediction lead time to identify and 

intervene on high-risk shipments through route optimization, modal shifts, or carrier 

selection. 

3. Track transport duration: Implement congestion monitoring and dynamic rerouting to 

reduce transport duration, a critical predictor of emission risk. 

4. Deploy the interactive dashboard: The dashboard supports both real-time forecasting 

and "what-if" scenario simulations, enabling managers to evaluate intervention trade-offs 

before implementation . 

Policy implications: The framework's explainability supports regulatory auditability and 

accountability, enabling third-party verification of emission reduction claims. The methodology 

can be adopted by regulators for compliance verification and by policymakers for evaluating the 

effectiveness of carbon pricing mechanisms. 

 



5.3 Limitations 

Limitation 1: Country-level energy intensity metrics may mask regional variations. The 

reliance on national-level energy data rather than facility-specific metrics introduces potential 

inaccuracies, particularly in countries with significant subnational variation in energy intensity. 

Limitation 2: The assumption of historical pattern stability may not hold during periods of 

rapid regulatory change. As the IMO Net Zero Framework and other regulations evolve, 

predictive models trained on historical data may require frequent recalibration. 

Limitation 3: The analysis is limited to three geographic regions and may not generalize to 

supply chains in developing economies with less mature energy reporting infrastructure. 

Limitation 4: The study does not incorporate real-time IoT sensor data, which could 

enhance predictive accuracy but poses significant cost and scalability challenges . 

Limitation 5: The operational validation is based on scenario simulations rather than real-

world implementation, which may not fully capture the organizational barriers to 

adoption. 

5.4 Future Research Directions 

1. Integration of real-time IoT data: Future studies should examine the marginal value of 

IoT sensor integration for predictive accuracy and the conditions under which real-time 

monitoring justifies its deployment cost . 

2. Extension to other supply chain segments: The modular framework can be adapted to 

warehousing, inventory management, and manufacturing emissions, with comparative 

analysis of model performance across contexts . 

3. Longitudinal design examining decision-making changes: Future research should 

employ longitudinal designs to assess whether XAI integration actually changes 

managerial decision-making patterns and sustainability outcomes over time . 

4. Application to small and medium-sized enterprises: Given the scalability advantages 

of structured data approaches, future research should adapt the framework for SME 

adoption, examining implementation barriers and adaptations . 

5. Integration with blockchain for transparency and traceability: Future work should 

explore integration of blockchain-based smart contracts with predictive analytics to 

automate penalty avoidance and enhance procurement transparency . 

 

 

 



6. Conclusion 

This study developed and validated an Explainable AI framework for predictive carbon footprint 

analytics that enables proactive emission penalty mitigation across multi-tiered supply networks. 

The XGBoost model achieved superior predictive performance with 89.4% accuracy and a recall 

of 0.764 for high-emission shipments, while SHAP-based explainability successfully translated 

black-box predictions into actionable managerial insights. The framework's key contribution is 

the demonstration that predictive accuracy and operational interpretability can be achieved 

simultaneously, addressing the critical gap that has limited machine learning adoption in logistics 

decision-making. The financial implications are substantial, with simulated intervention lead 

times of 48-72 hours enabling 15.7% emission reduction and corresponding penalty avoidance. 

For logistics managers, the framework provides a practical, scalable decision-support tool that 

embeds sustainability into daily operational planning while supporting regulatory compliance. As 

climate regulations intensify and supply chains face increasing pressure to decarbonize, 

predictive, explainable analytics will become essential for proactive environmental management. 

This study offers a replicable methodology and framework for organizations seeking to transition 

from retrospective compliance to proactive sustainability leadership. 
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