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ABSTRACT
Supply chain management is increasingly challenged by global disruptions, globalisation, and 
demand volatility, complicating end-to-end supply chain management in manufacturing. The shift 
from Industry 4.0 to Industry 5.0 emphasises sustainability, human-centricity, and resilience, high-
lighting the urgent need to address customer-driven end-to-end supply chain uncertainty. This 
uncertainty encompasses managing backorder risks and forecasting recycled end-of-life product 
quantities to promote circularity and sustainability. Current methods fall short in mitigating this 
uncertainty due to computational limitations. However, machine learning, a key advancement 
from Industry 4.0, offers a promising solution. Thus, an integrated machine learning model is pro-
posed to mitigate customer-driven end-to-end supply chain uncertainty. This model combines a 
Bayesian-optimised light gradient-boosting machine (LGBM) to predict backorder risks and a k-
nearest neighbour mega-trend diffusion (KNNMTD)-optimised Stacking ensemble model to forecast 
recycled end-of-life product quantities. Case studies show the Bayesian-optimised LGBM model 
outperforms benchmark models in accuracy, recall, and AUC (all >  0.8) with 125 s of operational 
time, while the KNNMTD-optimised Stacking model achieves a superior R2 of 0.9515 compared 
to baseline models. This integrated model enhances prediction performance, generalisation, and 
supply chain resilience. It enables manufacturers and remanufacturers to optimise production and 
remanufacturing, allocate resources effectively, and promote a sustainable, circular value chain.
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1. Introduction

Supply chain systems function as interconnected busi-
ness networks that coordinate a series of operations 
aimed at ensuring the timely delivery of products and ser-
vices to final customers (Crandall, Crandall, and Chen 
2009; Handfield 2002). The end-to-end (E2E) supply 
chain system is formed by various elements, for instance 
suppliers, manufacturers, distributors, and customers, 
that interact between each other not in absolute terms 
but in a relative sense (Chilmon and Tipi 2020). However, 
supply chain uncertainty is an issue faced by manufactur-
ing enterprises within value chain, deriving from some 
challenges, such as global disruptions, demand volatil-
ity, and the growing complexity of supply chain networks 
(Bhatnagar and Sohal 2005; Flynn, Koufteros, and Lu 
2016). Internal organisation uncertainties, internal sup-
ply chain uncertainties, and external uncertainties are 
the three primary categories of supply chain uncertainty 
(Hichri 2016), which is a general term that encompasses 
risks and uncertainties that could arise at any stage of 
a global supply chain network (Simangunsong, Hendry, 
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and Stevenson 2012). These uncertainties may disrupt 
production schedules, complicate logistics, and exacer-
bate the difficulty of balancing supply with demand, 
potentially underscoring the challenges of managing an 
E2E supply chain that spans from the procurement of 
raw materials to the delivery of products. Hence, it is 
necessary to manage the E2E supply chain uncertainty.

A major change in manufacturing supply chains is 
represented by the transition from Industry 4.0 to Indus-
try 5.0 (Milisavljevic-Syed, Li, and Xia 2023). By focus-
ing on sustainability, human-centricity, and resilience, 
Industry 5.0 expands on the technical improvements 
made by Industry 4.0 (Xia et al. 2025). More specifi-
cally, this progression allows forward supply chains to 
integrate more closely with reverse supply chain, enhanc-
ing sustainability through practices such as recycling, 
remanufacturing, and reusing end-of-life products. This 
integration helps in forming a circular supply chain, 
where materials are continuously cycled back into pro-
duction processes, reducing waste and environmental 
impact. Additionally, the shift towards a human-centric 
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approach enriches the understanding of the supply chain 
by emphasising a customer-driven perspective, which in 
turn enhances system adaptability and responsiveness to 
individual needs and broader societal challenges. Fur-
thermore, a heightened focus on resilience underpins 
efforts to mitigate E2E supply chain uncertainty, ensuring 
that the supply chain could better withstand and adjust to 
various disruptions.

The customer-driven E2E supply chain uncertainties 
fall under the category of internal supply chain uncer-
tainties, which are specified as end-customer demand 
and customer as a supplier (de Lima, Seuring, and Sauer 
2022). On the one hand, the irregular orders from the 
end-customer potentially lead to backorder risk; on the 
other hand, in a relative sense, the end-customer can be 
seen as a supplier of reverse supply chain by providing 
end-of-life products. More specifically, firstly, backorder 
risk refers to the consequences arising from the inabil-
ity to fulfil client orders, primarily because of inventory 
shortages or supply chain interruptions (Sani et al. 2023). 
By predicting the potential backorder risk, the enterprise 
can develop more sophisticated strategies to improve 
adaptability and flexibility and reduce the negative effects 
of end-customer driven uncertainty, such as decreased 
customer satisfaction and lost sales opportunities. Sec-
ondly, the management of end-of-life products presents 
significant challenges considering uncertainty surround-
ing the quality, amount, and return timing (Xia, Han, 
and Milisavljevic-Syed 2023b). The end-customer driven 
uncertainty can be also managed by accurately predict-
ing the recycling quantity, thereby facilitating the devel-
opment of sustainable reverse supply chain strategies 
and remanufacturing planning. Therefore, focusing on 
customer-driven E2E supply chain uncertainty is essen-
tial for promoting circularity in manufacturing processes, 
thus supporting sustainable practices and enhancing sup-
ply chain resilience against disruptions.

Existing studies primarily address either backorder 
risk or recycling quantity, often in isolation, without inte-
grating the multiple customer-driven uncertainty factors 
present across the E2E supply chain. Conventional pre-
diction methods for managing backorder risk and end-
of-life product quantities have their limitations. Specifi-
cally, traditional methods for managing backorders risks, 
such as fuzzy modelling approaches (Kazemi, Ehsani, and 
Jaber 2010), rely heavily on manual monitoring and inter-
vention, addressing shortages reactively after they occur, 
which leads to delays, increased costs, and customer dis-
satisfaction (Maitra and Kundu 2023). Moreover, con-
ventional methods for forecasting end-of-life product 
quantities, like grey model (Zhou and Ma 2020) and 
population balance model (Xu, Yano, and Sakai 2018), 
struggle to capture the nonlinear relationship between 

multiple factors and fail to provide stable predictions 
under variable conditions. These traditional methods 
are inadequate due to their reactive nature, limited data 
utilisation, and inefficiency in handling the complexities 
of modern supply chains. Unlike traditional methods, 
machine learning-based models are scalable and adapt-
able, enabling them to effectively handle the complexities 
of multi-tiered supply chains and dynamically respond 
to fluctuations in demand (Christopher 2022). As a key 
technology in Industry 4.0, machine learning can effec-
tively capture complex, nonlinear patterns in both back-
order risk prediction and recycling quantity forecast-
ing, leading to improved predictive accuracy and better 
decision-making (Supply Chain Brain 2022). However, 
existing machine learning studies often focus on a sin-
gle aspect of supply chain uncertainty, without addressing 
the integrated nature of both forward and reverse supply 
chain uncertainties within a unified model.

To manage the customer-driven E2E supply chain 
uncertainty, an integrated machine learning model is 
proposed based on the combined forward and reverse 
supply chain processes. More specifically, the proposed 
model combines a Bayesian-optimised light gradient-
boosting machine (LGBM) to predict backorder risks and 
a k-nearest neighbor mega-trend diffusion (KNNMTD)-
optimised Stacking ensemble model to estimate recycled 
end-of-life product quantities. The proposed integrated 
model aims to enhance prediction performance and gen-
eralisation capability in managing customer-driven sup-
ply chain uncertainties, which potentially enhances sup-
ply chain resilience and aligns supply with demand. Addi-
tionally, by optimising both production and remanufac-
turing processes, this proposed model supports more 
effective resource allocation and operational manage-
ment, thereby promoting a sustainable and circular value 
chain. Specifically, the empirical results demonstrate that 
the Bayesian-optimised LGBM model outperforms con-
ventional machine learning models, such as random 
forest, in terms of accuracy, recall, and AUC. Fur-
thermore, the KNNMTD-optimised Stacking ensemble 
model demonstrates superior predictive precision com-
pared to single baseline forecasting models, validating 
the effectiveness of the proposed integrated approach 
in handling both backorder risks and recycling quantity 
forecasting.

The rest of this paper is as follows. A compre-
hensive literature, focusing on machine learning meth-
ods for predicting backorder risk and the of end-
of-life product quantity, is presented in Section 2. 
The proposed hybrid Bayesian-optimised LGBM model 
and KNNMTD-optimised Stacking ensemble model are 
detailed in Section 3. Then, the empirical studies of 
the proposed model and their results are illustrated in 
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Table 1. Comparison of conventional and machine learning approaches for backorder risk and recycling quantity prediction.
Conventional Methods Machine Learning Methods

Backorder Risk 
Prediction

- Economic order quantity model (Björk 2009)
- Fuzzy models (Kazemi, Ehsani, and Jaber 2010)
- Inventory management models (Feng et al. 2012)

- RF and gradient boosting techniques (Hajek and Abedin 2020)
- RF and gradient boosting techniques (Islam and Amin 2020)
- LGBM, RF, NN, XGBoost, SVM, BB, KNN, and LR (Ntakolia et al. 2021)
- ANN (Shajalal, Hajek, and Abedin 2023)

End-of-life Product 
Quantities 
Prediction

- Grey model (Zhou and Ma 2020)
- Population balance model (Xu, Yano, and Sakai 2018)
- Structural equation models (Agrawal and Singh 2019)

- ANN (Jassim et al. 2023)
- XGBoost (Zhang et al. 2022)
- SVR (Xia, Han, and Milisavljevic-Syed 2023a)
- KNN (Abbasi and El Hanandeh 2016)
- DT (Cha et al. 2017)
- GBRT (Lu et al. 2022)
- Ensemble Model (Al-Omran and Khan 2024)
- RF (Mudannayake et al. 2022).

Section 4. In Section 5, an in-depth analysis of the results 
is discussed. Finally, a conclusion is drawn, and future 
research is highlighted.

2. Literature review

The machine learning models applied to manage back-
order risk within supply chain operations are reviewed. 
Then, existing machine learning-based models for esti-
mating end-of-life product quantities are reviewed. 
The comparison of conventional and machine learning 
approaches for backorder risk and recycling quantity pre-
diction is presented in Table 1.

2.1. Machine learning-based predictive methods for 
backorder risk

Backorder risk is a significant challenge in forward supply 
chain management, driven by factors such as uncertain 
demand, fluctuating lead times, suboptimal inventory 
policies, and other operational disruptions. High demand 
variability can lead to frequent stockouts and subsequent 
backorders, especially when forecasts fail to capture sud-
den spikes (Lee 2004). Similarly, longer and more unpre-
dictable lead times, for instance, during demand spikes or 
supply disruptions, significantly increase the likelihood 
of backorders (Disney and Towill 2003). Poor inven-
tory management, including inaccurate demand fore-
casting, suboptimal replenishment strategies, and insuf-
ficient safety stocks, further contributes to backorder risk 
(Nahmias and Olsen 2015). Additionally, unreliable sup-
pliers with inconsistent delivery performance exacerbate 
backorder occurrences by failing to meet expected supply 
commitments (Monczka et al. 2020).

Predicting product backorders has attracted grow-
ing interest in recent years due to its critical finan-
cial implications for firms (Islam and Amin 2020). 
To address backorder-related uncertainties, conventional 
research often relies on optimisation or fuzzy modelling 
approaches. For example, Björk (2009) and Kazemi, 

Ehsani, and Jaber (2010) extended the classical eco-
nomic order quantity models by incorporating fuzzy 
demand and lead time parameters, demonstrating that 
accounting for uncertainty can improve decision-making 
in inventory systems with backorders. Feng et al. (2012) 
further highlighted the challenge of forecasting line-
replaceable unit parts demand under backorder con-
ditions, quantifying the impact of demand volatility 
and inventory cost uncertainties on backorder risk. 
These foundational studies underscore the importance 
of explicitly modelling uncertainty in backorder manage-
ment, setting the stage for more data-driven predictive
methods.

With the rise of data-driven analytics and industry 
4.0 technology, machine learning techniques have been 
increasingly adopted to tackle supply chain risks, includ-
ing backorder risk. Supply chain risk management often 
involves rapid and adaptive decision-making, while AI 
technologies enable better risk identification and miti-
gation by revealing hidden patterns in complex oper-
ational datasets (Baryannis et al. 2019), reflecting that 
data-driven machine learning approaches can strengthen 
supply chain resilience against disruptions. A variety of 
machine learning paradigms have been investigated for 
different supply chain risk problems. For instance, Ojha 
et al. (2018) employed a Bayesian network model to 
capture risk propagation in multi-echelon supply net-
works, providing a holistic view of network vulnerability 
and resilience. A recent review summarises reinforce-
ment learning (RL) algorithms for inventory manage-
ment (Rolf et al. 2023), but most RL-based supply chain 
studies use simplified or simulated data, highlighting 
the need to transition towards real-world, industry-scale 
problem setting to fully realise RL’s potential in mitigating 
risks. In parallel, an adaptive federated learning system 
for information sharing is proposed, which allows mul-
tiple supply chain firms to jointly train risk prediction 
models without exchanging raw data (Zheng, Ivanov, and 
Brintrup 2025). Another emerging direction is the use of 
casual machine learning for proactive risk management. 
Wyrembek, Baryannis, and Brintrup (2025) argued that 
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casual machine learning can uncover cause-and-effect 
relationships for targeted risk interventions. Such capa-
bilities are crucial for moving supply chain risk manage-
ment towards more prescriptive and human-centric deci-
sion support, as expected in the transition from Industry 
4.0 to Industry 5.0.

For backorder-specific studies, a broad array of 
machine learning applications in supply chain risk man-
agement has emerged in the literature, further justifying 
the contribution of this research. Ntakolia et al. (2021) 
conducted a comparative analysis of eight widely used 
classifiers, including LGBM, random forest (RF), neural 
networks (NN), extreme gradient boosting (XGBoost), 
support vector machine (SVM), balanced bagging (BB), 
k-nearest neighbors (KNN), and logistic regression (LR), 
to predict backorders. Their results demonstrated the 
promise of machine learning for this task, though the 
study did not adequately tackle the common challenge 
of class-imbalanced datasets in backorder data, which 
often complicate real-world applications. Similarly, Islam 
and Amin (2020) employed distributed RF and gradi-
ent boosting techniques for backorder prediction and 
reported improved predictive performance; however, 
they also faced limitations in handling highly imbal-
anced training data. Other researchers have explored 
deep learning and ensemble approaches. For example, 
a deep neural network-based approach was introduced 
to predict backorder, aiming to enhance supplier oper-
ational efficiency by proactively identifying likely back-
order events (Shajalal, Hajek, and Abedin 2023). On 
the other hand, an ensemble-based backorder predic-
tion system was advocated, combining RF and gradient 
tree boosting methods with an under-sampling strategy, 
which proved effective in mitigating noisy data and min-
imising overfitting, thereby improving the reliability of 
predictions (Hajek and Abedin 2020).

In summary, this growing body of studies under-
scores that machine learning-based methods have great 
potential to improve supply chain performance by pre-
dicting and mitigating risks such as backorders. Prior 
studies have demonstrated machine learning techniques 
can be used to anticipate supply chain delivery delays 
and other disruptions, thereby helping firms anticipate 
supply chain delivery delays and prevent stockout situa-
tions. However, despite highlighting the potential of these 
techniques for improving backorder risk prediction, chal-
lenges remain, including severe class imbalance in data, 
limited generalisation to new conditions, and the need 
for rapid model training and updating under operational 
time constraints.

2.2. Machine learning methods for estimating 
end-of-life product quantities

Developing a predictive model for recycled end-of-life 
product quantities is essential to mitigating uncertain-
ties in the reverse supply chain. Several conventional 
predictive methods have been proposed for estimating 
end-of-life product quantities, including the grey model 
(Zhou and Ma 2020), population balance model (Xu, 
Yano, and Sakai 2018), and structural equation models 
(Agrawal and Singh 2019), among others. However, these 
methods struggle to capture the multifaced and nonlinear 
relationship of socioeconomic factors, resulting in unsta-
ble prediction accuracy. Machine learning techniques, 
which excel at analysing unstable nonlinear datasets, are 
commonly used to predict end-of-life product quantity. 
These include artificial neural network (ANN), extreme 
gradient boosting (XGBoost), support vector regression 
(SVR), decision tree (DT), k-nearest neighbor (KNN), 
gradient boosting regression tree (GBRT), as well as a 
variety of ensemble models.

Artificial Neural Network (ANN). ANN mimics the 
human brain by creating networks of input, hidden, and 
output neurons (Puntarić et al. 2022). There are sev-
eral different ANN designs that are extensively utilised to 
anticipate end-of-life product quantities. These include 
recurrent neural networks (Li and Ma 2019), long short-
term memory networks (Jassim et al. 2023), deep neural 
networks (Akanbi et al. 2020; Altin, Budak, and Özcan 
2023), feedforward neural networks (Galang and Balles-
teros 2018), backpropagation neural networks (Oguz-
Ekim 2021), adaptive neuro-fuzzy inference systems 
(Jafari and Mousavi 2024), Elman neural networks (Meza 
et al. 2019), and nonlinear autoregressive models (Rashid 
et al. 2022). Strong prediction capabilities in end-of-
life product forecasting have also been demonstrated 
using multi-layer perceptrons (MLP), an advanced form 
of feedforward neural networks characterised by deeper 
and more complex architectures (Coskuner et al. 2020). 
A range of AI techniques, such as Bayesian optimisa-
tion (Hoy et al. 2022), genetic algorithms (Shamshiry 
et al. 2014), and particle swarm optimisation (Wang et al. 
2022) have been utilised to enhance the performance of 
ANN models. Supporting methods like principal compo-
nent analysis(Liu et al. 2022), gamma test (Noori, Kar-
bassi, and Sabahi 2010), grey models (Tian et al. 2023), 
and structural breaks (Adamović et al. 2017) also play 
critical roles in refining the predictive accuracy of these 
ANN models.

Extreme Gradient Boosting (XGBoost). XGBoost 
constructs trees based on feature splitting and con-
tinuously fits residuals from previous predictions to 
enhance model performance through iterative updates. 
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The XGBoost model has been demonstrated to be effec-
tive in forecasting the creation of municipal solid waste 
(MSW) in China across different shared socioeconomic 
pathways (Zhang et al. 2022).

Support Vector Regression (SVR). SVR employs a ker-
nel function to map samples into high-dimensional space 
and uses a hyperplane for regression. SVR, enhanced 
through wavelet transform has been applied to predict 
weekly household waste generation (Abbasi et al. 2014). 
Similarly, a PSO-optimised SVR model is developed for 
estimating the quantity of ELVs in China (Xia, Han, and 
Milisavljevic-Syed 2023a). Additionally, a hybrid model 
integrating categorical principal components analysis 
and SVR is developed to forecast construction waste 
generation (Cha, Moon, and Kim 2022).

K-Nearest Neighbor (KNN). KNN is a nonparametric, 
instance-based lazy learning model that has a reputation 
for being resilient under noisy settings. A weighted KNN 
algorithm is effectively employed to predict Australia 
MSW generation (Abbasi and El Hanandeh 2016).

Decision Tree (DT). DT, a supervised machine learn-
ing algorithm composed of root, internal, and leaf nodes, 
is celebrated for its excellent interpretability. A new 
approach for forecasting construction waste generation 
is applied using the chi-squared automatic interaction 
detection method, a specific type of DT model (Cha et al. 
2017).

Gradient Boosting Regression Tree (GBRT). Employ-
ing a boosting strategy, GBRT iteratively learns from mul-
tiple trees to make collective decisions. This method is 
employed for forecasting waste generation in Beijing and 
Shenzhen, China (Lu et al. 2022). In Addition, GBRT has 
been combined with ANN to forecast construction waste 
generation (Kontokosta et al. 2018).

Ensemble Model. Ensemble learning involve sophis-
ticated ensemble learning techniques such as Boost-
ing, Bagging, and Stacking, which are types of hybrid 
machine learning models (Tan et al. 2019). In these mod-
els, either homogeneous or heterogeneous algorithms 
may be iteratively applied to construct more robust pre-
dictive frameworks. Specifically, Bagging and Boosting 
techniques generally utilise identical base learners, which 
can increase model correlation and potentially lead to 
overfitting. In contrast, the relationships between pre-
dicted outputs and actual observations could be cap-
tured more thoroughly due to Stacking’s incorporation 
of diverse base model types. Additionally, an ensemble 
voting regressor, combining RF, extreme random trees, 
elastic net, and XGBoost, has been employed to forecast 
healthcare waste generation in the Kingdom of Bahrain 
(Al-Omran and Khan 2024).

Random Forest (RF). As a classification and regres-
sion tree model, RF employs a Bagging integration 

approach. RF has demonstrated the capability to achieve 
results comparable to the best deep learning models after 
a grid search in forecasting MSW generation (Mudan-
nayake et al. 2022).

In summary, due to the underdeveloped nature of the 
reverse recovery industry (Xia et al. 2024), developing 
a predictive model for forecasting end-of-life product 
quantities needs to deal with small sample datasets. How-
ever, single machine learning models tend to exhibit poor 
generalisation in such scenarios. Moreover, unlike the 
Stacking ensemble model, other ensemble models (e.g. 
Bagging and Boosting) are prone to overfitting, as they 
rely on homogeneous algorithms as their base models.

In conclusion, advancements in data analytics have 
significantly elevated the role of machine learning tech-
niques in supply chain management, particularly for 
predicting backorders risk and end-of-life product vol-
umes. Nevertheless, there remain important gaps that 
this research aims to address. Existing studies focus on 
a single aspect of uncertainty, such as backorder risk or 
recycling volume, without integrating multiple customer-
driven uncertainty factors across the E2E supply chain. 
Moreover, current prediction methods for backorder risk 
and end-of-life product volume have their own limita-
tions. To overcome these challenges, this research pro-
poses an integrated machine learning model that com-
bines two complementary predictive techniques, namely 
a Bayesian-optimised LGBM model for backorder risk 
prediction, and a KNNMTD-optimised Stacking ensem-
ble model for forecasting recycled end-of-life product 
quantities. By integrating these models, the approach 
concurrently addresses both forward supply risks asso-
ciated with delivery delays and reverse supply uncertain-
ties associated with recycling quantity for remanufactur-
ing, representing a novel contribution. Unlike existing 
research, which typically addresses these issues sepa-
rately, integrating backorder risk prediction and recy-
cled end-of-life product volume prediction into a single 
model not only mitigates E2E supply chain uncertainty 
but also supports global optimisation and collaborative 
decision-making by offering a more thorough view of the 
supply chain. Specifically, the Bayesian hyperparameter 
optimisation of the LGBM ensures high predictive accu-
racy and efficiency, facilitating fast training and strong 
scalability for processing large, imbalanced datasets. The 
Stacking ensemble, enhanced by KNNMTD, improves 
generalisation in forecasting end-of-life product quan-
tities by combining heterogeneous base learner with a 
data augmentation strategy, leveraging the strengths of 
multiple models to improve prediction performance and 
robustness.
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3. Methodology

An integrated machine learning-based model based on 
the combined customer-driven forward and reverse sup-
ply chain processes within the value chain is proposed 
to manage the customer-driven E2E supply chain uncer-
tainty (see Figure 1). The integrated approach con-
sists of two sequential but complementary steps, each 
addressing distinct yet interconnected aspects of supply 
chain uncertainty. Firstly, a Bayesian-optimised LGBM 
is employed to predict backorder risks. This step tar-
gets forward supply chain uncertainty related to deliv-
ery delays, enabling timely and proactive measures to 
mitigate adverse impacts such as customer dissatisfac-
tion. Secondly, following the backorder risks prediction, a 
KNNMTD-optimised Stacking ensemble model is devel-
oped to estimate recycled end-of-life product quanti-
ties. By predicting the expected return flow of products, 
this step focuses on reverse supply chain uncertainty, 
thereby facilitating more effective planning for remanu-
facturing and recycling processes and supporting circular 
economic practices.

Furthermore, optimising production schedules and 
resource distribution through this integrated approach 
helps balance new product manufacturing with recy-
cling operations, reducing waste, enhancing supply 
chain resilience, and improving overall flexibility and 

responsiveness. For instance, accurately forecasting recy-
cled end-of-life product quantities can inform produc-
tion schedules for new products, thereby reducing the 
backorder risk. Therefore, this research adopts a two-
step integrated approach, specifically tailored to address 
each type of uncertainty, ultimately enhancing overall 
modelling effectiveness and practical applicability.

3.1. The hybrid Bayesian-optimised LGBM model

As shown in Figure 2, this research employs a Bayesian-
optimised LGBM model to forecast the risk of supply 
chain delivery delays. The first step in the process is gath-
ering relevant data on key factors influencing delivery 
delays within the supply chain. Following comprehen-
sive data processing, the LGBM model is developed, and 
its hyperparameters are methodically adjusted using a 
Bayesian optimisation algorithm. Four statistical met-
rics: Accuracy, Recall, Precision, and the Area Under the 
Receiver Operating Characteristic Curve (AUC-ROC) 
are used to assess the model’s predictive performance (Su 
et al. 2025). These metrics are selected for their collective 
ability to assess model performance in imbalanced and 
risk-sensitive scenarios such as delivery delay prediction. 
Accuracy gives an overall success rate, Precision reduces 
false alarms, Recall captures true delay cases, and AUC-
ROC measures overall discrimination across thresholds. 
Together, they offer a comprehensive assessment of the 
model’s predictive effectiveness.

Figure 1. The customer-driven E2E supply chain uncertainty within the value chain.
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Figure 2. A paradigm for supply chain delivery risk prediction.

3.1.1. Data preprocessing
The quality and dependability of downstream analyti-
cal outcomes are greatly enhanced by data preprocessing, 
which is a fundamental component of data evaluation 
and extraction (Xu et al. 2015). The data processing pro-
cedure in this research involves several key steps, includ-
ing data standardisation, removing outliers, and inte-
grating datasets. To ensure that data preprocessing does 
not compromise data quality, missing values are care-
fully handled by inputting appropriate values. To facili-
tate more efficient and consistent analysis in subsequent 
modelling stages, category string values, namely ‘Yes’ and 
‘No’ are converted into binary representations (0 and 1).

To address class imbalance, random under-sampling 
is applied to the training set, where the majority class 
samples are randomly reduced to create a more bal-
anced dataset (Rafrastara et al. 2023). By removing a 
portion of the majority class, under-sampling prevents 
the model from being biased towards the majority class, 
thereby improving its generalisation ability (Ramyachi-
tra and Manikandan 2014). This method ensures that the 
data retains its authenticity without introducing excessive 
noise, which is crucial for improving prediction perfor-
mance and preventing overfitting (Tanha et al. 2020).

3.1.2. Model development
LGBM Model. The Gradient Boosting Decision Tree 
(GBDT) framework is implemented open-sourcely by 
the LGBM (Chen et al. 2019). While traditional GBDT 
model are often limited by low computational efficiency 
and poor scalability when applied to high-dimensional, 
large-scale datasets, LGBM addresses these limitations 
through a series of algorithmic optimizations (Al Daoud 
2019). Specifically, LGBM enhances training efficiency by 
incorporating two core techniques: the Gradient-based 
One-Side Sampling algorithm, which selectively samples 
data points with large gradients to maintain accuracy 
while reducing computational cost; the histogram-based 
decision tree algorithm, which accelerates the process of 
finding optimal split points.

Bayesian Optimisation. Choosing appropriate hyper-
parameters is critical to model performance, as well-
tuned parameters can substantially improve predictive 
accuracy and generalisation capability (Frazier 2018). 
Bayesian optimisation offers an efficient strategy for 
hyperparameter tuning by leveraging prior evaluations 
to inform the selection of subsequent parameter config-
urations. This sequential, probabilistic approach enables 
the algorithm to explore the parameter space more effec-
tively, requiring fewer iterations to identify near-optimal 
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Table 2. Confusion matrix.

Predicted Outcome

Actual Outcome P N

N FP TN
P TP FN
∗N: Negative; P: Positive.

solutions. To estimate delivery delay risks, the optimal 
hyperparameter configuration of LGBM model is found 
using Bayesian optimisation in this research (Wang et al. 
2013).

3.1.3. Model assessment
To assess the binary classification model’s perfor-
mance, overall classification accuracy and error rate are 
employed as fundamental metrics. In order to provide 
a more comprehensive assessment, Precision and Recall 
are also included as evaluation indicators. The confusion 
matrix is used to calculate these metrics. As presented in 
Table 2, False Negative (FN) occurs when the actual class 
is positive but the model predicts negative; False Positive 
(FP) occurs when the actual class is negative but the pre-
diction is positive; True Negative (TN) is the number of 
instances correctly predicted as negative; and True Posi-
tive (TP) is the number of instances correctly predicted 
as positive (Satapathy et al. 2015).

The accuracy rate represents the percentage of accu-
rately classified instances among all samples, as defined 
in Equation (1).

Accuracy =
TN + TP

TN + TP + FN + FP
(1)

The precision rate indicates the percentage of true pos-
itive predictions among all instances classified as positive 
by the model, as expressed in Equation (2).

Precision =
TP

TP + FP
(2)

The recall quantifies the percentage of true positive 
instances that the model accurately recognises, according 
to Equation (3).

Recall =
TP

TP + FN
(3)

Furthermore, the AUC-ROC, commonly abbreviated as 
AUC, is used to evaluate the model’s performance. AUC 
is a comprehensive metric that quantifies how well the 
classifier can distinguish between positive and negative 
classes. It enables performance assessment across vari-
ous classification thresholds and is particularly valuable 
for evaluating model robustness in the presence of imbal-
anced datasets.

3.2. The hybrid KNNMTD-optimised stacking 
ensemble model

The proposed hybrid KNNMTD-optimised Stacking 
ensemble model to forecast recycled end-of-life prod-
uct quantities is described in Figure 3. Initially, data on 
influencing factors for end-of-life products are collected, 
standardised through z-score standardisation, and aug-
mented through a method known as KNNMTD. Then, 
the Stacking ensemble model is built, with each base 
model’s parameters optimised using a combination of 
grid search (GS) and time series cross validation (TSCV). 
Finally, the statistical metrics, namely mean absolute 
error (MAE), mean square error (MSE), and coefficient of 
determination (R2), are used to assess model’s prediction 
performance.

3.2.1. Data preprocessing
The data processing procedure in this research involves 
several key steps, including data standardisation, out-
lier removal, and dataset integration. The specific data 
standardisation process is outlined below. The data val-
ues x and y are transformed into x′ and y′ using z-score 
standardisation to eliminate the impact of the varying 
attributes, as detailed in Eqs. (4) and (5) (Xia, Han, 
and Milisavljevic-Syed 2023a). To ensure that data pre-
processing does not compromise data quality, missing 
values are carefully handled by inputting appropriate
values.

x′
=

xi − µx

σx
(4)

y′
=

yi − µy

σy
(5)

Where µ represents the mean value, and σ  denotes the 
standard deviation of the corresponding data
distribution.

To counteract overfitting in small sample datasets, 
the KNNMTD method, a specialised data augmenta-
tion method, is employed (Sivakumar et al. 2022). By 
utilising this method, the sample size is increased, and 
the dataset is expanded, maximising the use of lim-
ited data and enhancing the machine learning model’s 
generalisation capability. More specifically, the MTD 
technique is applied to estimate the diffusion dynam-
ics within this subsample, while the KNN algorithm 
is used to identify the nearest data points to a given 
instance. The KNNMTD method is utilised to calcu-
late sample variance, to adjust for data skewness, and 
to generate artificial virtual samples through a proba-
bilistic framework based on predicted membership val-
ues. A new, augmented dataset is then constructed by 
merging the original observations with the synthetic 
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Figure 3. The flowchart of the hybrid KNNMTD-optimised Stacking ensemble model.

samples. To evaluate the similarity between the original 
and artificial samples, the pairwise correlation difference 
(PCD) is computed by the Frobenius norm, as shown in
Equation (6).

PCD = corr(Xr) − corr(Xs)F (6)

Where corr(Xr) and corr(Xs) are the Pearson correla-
tion matrices of the original sample matrices Xr and the 
artificial virtual sample matrices Xs, respectively.

3.2.2. Model development
By eliminating redundancy and optimising prediction 
accuracy, Stacking, a parallel ensemble learning strategy, 
can enhances the predictive capabilities beyond what a 
single machine learning model can achieve (Xia, Han, 
and Milisavljevic-Syed 2023b). The Stacking framework 
is composed of two hierarchical learning layers: the base 
learner and the meta-learner.

To provide preliminary predictions, multiple hetero-
geneous machine learning algorithms are trained on the 
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Figure 4. Detailed combination of GS and TSCV steps (a)(b).

entire training dataset in the base learner. Subsequently, 
in the meta-model layer, these predictions along with the 
true values are used for further training.

Finding the optimal set of model parameters is essen-
tial to reducing the generalisation error of the model. An 
overly complex model may lead to overfitting, increas-
ing the generalisation error, whereas an overly simpli-
fied model may underperform. To identify the optimal 
hyperparameter configuration for the Stacking ensem-

ble, a hybrid approach combining GS and TSCV is 
adopted. Figure 4 shows the detailed steps of this
combination.

3.2.3. Model assessment
Three statistical metrics are applied to assess the pre-
diction performance of the hybrid KNNMTD-optimised 
Stacking ensemble model, including MAE, MSE, and 
R2, as outlined in Equations (7)–(9) (Xia, Han, and 
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Milisavljevic-Syed 2023a).

MAE =
1
n

n∑︂
i=1

|ˆ︁yi − yi| (7)

MSE =
1
n

n∑︂
i=1

(ˆ︁yi − yi)2 (8)

R2(yi,ˆ︁yi) = 1 −

∑︁n
i=1 (yi − ˆ︁yi)2∑︁n
i=1 (yi − yi)2

(9)

Where yi, yi, and ˆ︁yi denote the original, mean, and 
predicted values of variable Y , respectively.

4. Case study

4.1. Case study for the hybrid Bayesian-optimised 
LGBM model

Within supply chain management, backorders constitute 
a crucial risk to the timely fulfilment of deliveries, arising 
from factors such as limitations in material transporta-
tion capabilities, unforeseen external events, deficien-
cies in supplier evaluation processes, and supplier man-
agement inefficiencies. The occurrence of backorders 
can lead to considerable financial losses due to delays 
in products delivery. Consequently, backorder data is 
employed in this research to verify the effectiveness 
of the Bayesian-optimised LGBM method. An actual, 
imbalanced historical dataset spanning eight weeks, is 
utilised (Predictive Backorder Competition 2025). Table 
3 provides a detailed description of the features of the 
dataset. The original dataset consists of 13,937 positive 
instances and 1,915,998 negative instances, reflecting a 
significant class imbalance. The data preprocessing steps 
for this dataset, including handling missing values, ran-
dom under-sampling, and converting categorical data, 
have been previously detailed. After applying random 
under-sampling, the positive instances are reduced to 
13,937 samples, and the negative instances are reduced 
to 584,558 samples. It is worth noting that while the 
post-sampling ratio is approximately 1:42, this level of 
imbalance was selected to prevent severe information 
loss. While a perfectly balanced distribution (1:1) is often 
theoretically ideal, it is not always optimal for real-world 
applications where the minority class represents a rare 
event (Weiss and Provost 2003). In this specific scenario, 
achieving a strictly balanced (1:1) distribution would 
require discarding over 97% of the negative instances. 
Such extreme under-sampling would lead to severe infor-
mation loss regarding the ‘normal’ state of the supply 
chain, potentially causing the model to overfit to the 
minority class and generating excessive false positives 
(He and Garcia 2009). Therefore, a ratio of 1:42 is selected 

Table 3. Definition of features.
Features Definition

PPAP risk Risk related to the production part approval 
process

Sales forecasts Sales forecasts for the next 3, 6, and 9 months
Operational constraints Operational constraint
Historical sales Sales volumes over the past 1, 3, 6, and 9 months
Risk indicators Risk indicators
Supplier performance Supplier performance averages over 6 and 

12 months
Potential issues Identified potential issue with the item
Minimum stock level Minimum recommended stock level
Inventory level Current national inventory
Overdue parts Overdue parts from the supplier
Lead time Delivery lead time
In-transit quantity Stock quantity currently in transit
Overdue local stock Quantity of overdue local stock
Backorder status Product backorder status

as a strategic trade-off. It significantly reduces the original 
extreme imbalance (1:137) to a range where the Bayesian-
optimised LGBM, which is robust to mild class imbal-
ance, can effectively learn the decision boundary without 
sacrificing the rich information contained in the majority 
class data.

4.1.1. Model development
This research compares seven machine learning mod-
els: LGBM, logical regression (LR), XGBoost, k-nearest 
neighbour (KNN), random forest (RF), naive bayes (NB), 
and decision tree (DT) in order to evaluate the efficacy, 
resilience, and predictive performance of the proposed 
model in managing large-scale and high-dimensional 
datasets. These models are chosen because they are 
widely used in real-world scenarios and are often used in 
the body of current research. Figure 5 shows each model’s 
performance based on the preprocessed training and test-
ing dataset, ensuring that the class imbalance and other 
data quality issues have been adequately addressed.

With only 0.5 accuracy on the training set, it is clear 
that the GNB model demonstrates the lowest classifi-
cation accuracy when confronted with extrmely imbal-
anced data. This outcome is explained by the Naive 
Bayesian model’s inherent strength to handle small sam-
ple sizes, which is diminished when applied to large-
scale datasets and results in poor generalisation perfor-
mance. These observations align with findings reported 
in precious studies (Huang and Li 2011; Tzanos, Kachris, 
and Soudris 2019). Although RF and XGBoost attain 
high classification accuracy, their practicality for real-
time operational deployment is limited by their substan-
tial memory and compute resource requirements. Con-
versely, the LGBM model demonstrates strong predic-
tive performance combined with superior computational 
efficiency and lower memory consumption (Al Daoud 
2019). Consequently, the LGBM model is identified as 
achieving outstanding overall performance.
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Figure 5. Model performance on the training set (a) and testing set (b).

Figure 6. Iterations to reach minimum training MSE.

Through continuous iterative optimisation utilising 
Bayesian optimisation, an optimal hyperparameter set is 
identified to further improve the LGBM model’s perfor-
mance. The MSE obtained from 5-fold cross-validation, 
evaluated within a predefined range of hyperparameters, 
is the goal function for the optimisation process. The 
optimisation procedure is designed to include 50 random 
initial iterations and 100 controlled iterations in order 
to strike the appropriate balance between optimisation 
efficiency and prediction accuracy. Figure 6 displays the 
training set’s MSE curve in relation to the target variable. 
Notably, the Bayesian optimisation process achieves its 
optimal value, −0.1239, at the 25th iteration. It is impor-
tant to highlight that, although the number of iterations 
appears relatively modest, further iterations cannot yield 
appreciable improvements, indicating that the selected 
iteration count is suitable for the specific characteristics 
of this problem.

The LGBM model’s performance with and with-
out Bayesian optimisation, is compared and presented 
in Figure 7. According to the results, the Bayesian-
optimised LGBM (BO-LGBM) model significantly out-
performs the baseline LGBM model in terms of backo-
rder risk prediction, reaching better accuracy, recall, and 
AUC values all exceeding 0.8.

Figure 8 compares the operation times across all evalu-
ated models, highlighting the BO-LGBM model’s notable 
efficiency with an operational time of just 125 s, the short-
est among all. Despite RF showing a high AUC score, 
its significantly longer running time and higher memory 
usage make it less suitable for agile business environ-
ments. In addition, despite XGBoost is a very effective 
implementation of the GBDT, its performance remains 
inferior to that of BO-LGBM.

The BO-LGBM model demonstrates strong predic-
tive capability for backorder risk, particularly in contexts 
characterised by large sample sizes, high-dimensional 
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Figure 7. Comparison of LGBM and BO-LGBM performance.

Figure 8. Operation time comparison.

feature spaces, and imbalanced datasets. These results 
imply that the BO-LGBM model provides substantial 
benefits by enabling businesses to proactively manage 
backorder risks through accurate and efficient predic-
tions. The model’s enhanced reliability and quick run-
time support real-time strategic inventory adjustments, 
improved resource allocation, and supplier management, 
thereby reducing potential disruptions and enhancing 
customer satisfaction. Ultimately, this facilitates more 
resilient and cost-effective supply chain operations, espe-
cially critical in environments characterised by high 
uncertainty and rapid changes.

4.2. Case study for the hybrid KNNMTD-optimised 
stacking ensemble model

The empirical analysis is conducted using data from Chi-
nese end-of-life vehicles (ELVs) sector spanning 2006 
to 2020 in order to validate the effectiveness of the 
hybrid KNNMTD-optimised Stacking ensemble model. 
Initially, seven individual machine learning models, 
namely support vector regression (SVR), gradient boost-
ing regression tree (GBRT), extreme gradient boosting 
(XGBoost), decision tree (DT), random forest (RF), and 
Multi-layer perceptrons (MLP), are trained to identify 
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Table 4. Definition of features.
Features Definition Data Sources
Licensed drivers Number of licensed vehicle drivers
Urban income Per capita urban income
Passenger turnover Passenger turnover
Highway miles Total highway miles
Population Population size

(NBS China National Bureau of 
Statistics 2025)

ELVs enterprises Number of ELVs enterprises
Auto production Number of automobiles produced

(AAM China Association of 
Automobile Manufacturers 2024)

Recycled prices ELVs recycled material prices
(NRRA China National Resources 
Recycling Association 2025)

base learners with strong predictive performance and 
minimal correlation. Grid search combined with time 
series cross-validation (TSCV) is applied to optimise 
each base model’s hyperparameters. Subsequently, the 
selected optimised base learners are combined with 
a meta-learner to construct the proposed Stacking
ensemble.

4.2.1. Data collection
Eight socioeconomic factors influencing recycled ELVs 
quantities have been identified based on prior studies 
(Xia, Han, and Milisavljevic-Syed 2022; Xia, Han, and 
Milisavljevic-Syed 2023a). Table 4 provides a detailed 
description of the features of the dataset. Data related 
to these factors are collected from authoritative sources, 
including the China Resources Recycling Association 
(NRRA), the China National Bureau of Statistics (NBS), 
and the China Association of Automobile Manufacturers 
(AAM).

4.2.2. Data augmentation
To enhance the generalisation ability and predictive per-
formance of the machine learning models for small 
datasets, a data augmentation method called KNNMTD 
method is used to generate artificial virtual samples. A 
detailed explanation of the KNNMTD method is pro-
vided in a previous study (Sivakumar et al. 2022). The 
number of these samples is set at 100 to avoid the pro-
duction of irrational virtual samples (Li et al. 2013). The 
PCD is calculated for varying values of k ranging from 3 
to 10, with the optimal value determined to be 4. These 
artificial samples are then integrated with the original 
data to construct an augmented dataset. The original 
dataset and the new dataset are used to train seven dis-
tinct machine learning models (i.e. DT, GBRT, MLP, RF, 
LGBM, XGBoost, SVR). Model performance is evaluated 
based on MAE, MSE, and R2, with the results presented 
in Figure 9. As depicted, the KNNMTD method con-
siderably improves prediction accuracy across all eval-
uated metrics, underscoring its effectiveness for small
datasets.

4.2.3. Stacking ensemble model
To determine the optimal parameter combinations for 
each machine learning models using the KNNMTD 
method, a combination of grid search (GS) and time 
series cross-validation (TSCV) is employed. Table 5 pro-
vides specifics on the optimal hyperparameters.

During the construction of the base-learner layer of 
the Stacking ensemble, it is crucial to select heteroge-
neous single machine learning models that demonstrate 
superior learning performance. This selection is impor-
tant because a lower correlation among the base models 
typically results in reduced variance within the Stacking 
model. Given that models such as RF, XGBoost, GBRT, 
DT, and LGBM are all tree-based and share similar learn-
ing mechanisms, this could lead to higher correlation 
among them. To address this, the base-learner layer of the 
Stacking ensemble comprises SVR, MLP, and five inde-
pendently developed tree-based models, thereby ensur-
ing model diversity and robustness.

Additionally, the meta-learner layer of the Stacking 
ensemble, it is essential to employ a model with robust-
ness and strong generalisation capability to mitigate over-
fitting and enhance prediction accuracy. Thus, linear 
regression is chosen as the meta-learner. Five distinct 
Stacking models are formulated, namely Stacking 1 (SVR, 
MLP, and XGBoost), Stacking 2 (SVR, MLP, and LGBM), 
Stacking 3 (SVR, MLP, and RF), Stacking 4 (SVR, MLP, 
and DT), and Stacking 5 (SVR, MLP, and GBRT). The 
predictive performance of these ensemble models is 
depicted as Figure 10. Consequently, after evaluating the 
prediction performance and model diversity, the Stack-
ing 1 model, integrating SVR, MLP, and XGBoost as 
base learners with linear regression as the meta-learner, 
exhibits the highest predictive accuracy, achieving the 
lowest MAE and MSE, along with the highest R2 value.

These results highlight the Stacking 1 model’s capa-
bility to accurately forecast recycled end-of-life prod-
uct quantities, enabling better planning of resource allo-
cation, operational scheduling, and inventory manage-
ment. Accurate predictions facilitate timely and informed 
managerial decisions, minimising unnecessary inven-
tory holding costs, optimizsng the use of resources, 
and improving overall operational efficiency in reman-
ufacturing processes. This proposed model, therefore, 
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Figure 9. Evaluation metrics for single machine learning models: MAE (a), MSE (b), R2 (c).
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Table 5. Optimal hyperparameter setting.
Model Parameter Set Model Parameter Set

SVR Kernel ‘RBF’ RF n_estimators 20
gamma 0.1 min_samples_split 3
C 1.5 max_depth 5
epsilon 0.1 min_samples_leaf 1

XGBoost max_depth 5 max_features 3
learning_rate 0.03 MLP hidden_layer_sizes 40
min_child_weight 10 alpha 0.001
gamma 0 learning_rate_init 0.01
colsample_bytree 1 GBRT n_estimators 40
subsample 1 max_features 0.5

LGBM n_estimators 120 max_depth 5
learning_rate 0.04 min_samples_leaf 5
max_depth 5 learning_rate 0.09
colsample_bytree 1 subsample 0.5
min_split_gain 0.01 DT max_depth 5
subsample 0.5 min_samples_split 3
num_leaves 10 min_samples_leaf 1

Figure 10. Prediction results of various Stacking models.

not only supports sustainability but also enhances the 
economic performance and agility of remanufacturing
operations.

5. Discussion

This research develops an integrated machine learning-
based predictive framework to effectively address
customer-driven E2E supply chain uncertainty by jointly 
modelling forward and reverse supply chains processes. 
This integrated approach fundamentally advances exist-
ing research by proposing a solution that combines two 
distinct models, namely a Bayesian-optimised LGBM for 
backorder prediction in the forward supply chain and a 
KNNMTD-optimised Stacking ensemble model for fore-
casting recycled end-of-life quantities in the reverse sup-
ply chain. While these models address different aspects 
of supply chain uncertainty, their combination within 
a unified predictive framework creates a more holistic 
solution. Previous studies (Al-Omran and Khan 2024; 
Jassim et al. 2023; Lu et al. 2022; Ntakolia et al. 2021; 
Shajalal, Hajek, and Abedin 2023) have typically treated 

these domains independently, focusing on either backo-
rder prediction or recycling quantity forecasting. Unlike 
prior studies that generally address these domains sepa-
rately, this research aims to demonstrate the potential of 
an integrated solution. By leveraging insights from both 
forward and reverse supply chains, the proposed frame-
work offers a comprehensive, data-driven approach that 
bridges the gap between conventional separate models.

5.1. Summary of key findings

In the forward supply chain, the Bayesian-optimised 
LGBM model is employed to predict backorder risks 
with high accuracy and efficiency. Traditional approaches 
to managing backorders typically rely on deterministic 
forecasting methods or rule-based systems, which often 
lack the capacity to generalise effectively in the face of 
real-world data irregularities such as high dimensionality, 
class imbalance, and non-stationarity (Islam and Amin 
2020). The proposed model not only outperformed these 
conventional methods but also demonstrated a higher 
degree of robustness and adaptability when applied to 
complex and volatile datasets.
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Bayesian optimisation played a pivotal role in fine-
tuning the LGBM model’s hyperparameters, ensuring 
optimal performance without excessive computational 
costs. This finding is aligned with the results of Eriks-
son et al. (2019), who highlight the benefits of automated 
hyperparameter tuning in enhancing the reliability of 
predictive models in supply chain environments. More 
importantly, the model’s superior AUC and recall scores 
indicate its practical utility in minimising false negatives, 
an essential feature in risk management where failing 
to predict a backorder can result in severe operational 
disruptions and customer dissatisfaction. The LGBM 
model’s ability to anticipate such risks supports proactive 
inventory planning, resource reallocation, and demand 
forecasting, reinforcing the idea that predictive analytics 
can transform reactive logistics operations into strategic 
decision-making systems (Oyewole et al. 2024). More-
over, this aligns with the emerging concept of supply 
chain resilience, which prioritises agility, visibility, and 
predictive capacity as key attributes for surviving disrup-
tions, whether due to demand shocks, supply shortages, 
or global crises such as the COVID-19 pandemic (Ivanov 
2020).

To effectively manage customer-driven E2E supply 
chain uncertainty within the reverse supply chain, accu-
rately predicting recycled end-of-life product quantities 
is essential. Unlike traditional prediction methods, which 
typically show limited accuracy when handling nonlin-
ear data (Agrawal and Singh 2019; Lin et al. 2018), a 
hybrid KNNMTD-optimised Stacking ensemble model 
is proposed to address this issue in this research. The pro-
posed model’s effectiveness is assessed using data from 
Chinese ELVs sector spanning the period from 2006 to
2020.

The findings clearly indicate that single machine 
learning models exhibit improved prediction perfor-
mance after optimisation via the KNNMTD method cou-
pled with parameter tuning based on grid search and 
time series cross-validation. Additionally, this research 
extends existing literature by comprehensively investigat-
ing optimal combinations of diverse machine learning 
methods within a Stacking ensemble model. Previous 
studies primarily rely on single-model forecasts or sim-
pler ensemble methods, such as Bagging or Boosting, 
which are often prone to overfitting due to high corre-
lations among base learners (Mudannayake et al. 2022). 
In contrast, this research emphasises the importance of 
model heterogeneity to minimise correlation among base 
learners, thus enhancing predictive robustness and accu-
racy. More specifically, recognising the potential high 
correlation among tree-based models (XGBoost, LGBM, 
GBRT, DT, RF), this research strategically integrates these 
models with structurally distinct models (i.e. SVR, MLP). 

Five different Stacking models are evaluated, each com-
bining different base-model configurations. Ultimately, 
the Stacking model incorporating XGBoost, MLP, and 
SVR as base learners and linear regression as the meta-
learner, demonstrated superior performance, achiev-
ing the lowest prediction error and highest R-squared
value.

This finding aligns with previous research that high-
lights the superior performance of stacking ensem-
bles due to their capability to integrate diverse model 
strengths effectively (Hoxha et al. 2023). This superior 
predictive capability enables remanufacturers to enhance 
the organisation of remanufacturing processes by pro-
viding accurate forecasts of available recycled materials, 
thus ensuring a steady flow of materials and optimising 
remanufacturing schedules.

5.2. Theoretical contribution and practical 
implication

Overall, previous research typically addresses forward 
supply chain issues (e.g. backorder risks) and reverse sup-
ply chain issues (e.g. recycled end-of-life product quan-
tities) independently, often overlooking critical inter-
dependencies between these processes (Shajalal, Hajek, 
and Abedin 2023; Zhang et al. 2022). The fundamen-
tal innovation of this research lies in its modelling of 
the inherent interconnectedness of forward and reverse 
supply chains processes. By integrating these predictive 
tasks into a cohesive two-step methodological frame-
work, this research advances existing literature through 
a more holistic and realistic approach to manage sup-
ply chain uncertainties. Such integration enables man-
ufacturers and remanufacturers to collaboratively opti-
mise inventory levels, resource allocation, and pro-
duction scheduling, effectively addressing the identi-
fied research gap of separate treatment highlighted in 
the literature review. Consequently, this research con-
tributes significantly to the advancement of predictive 
analytics in managing customer-driven E2E supply chain
uncertainties.

The integrated model helps advance the goals of 
the circular economy within the industrial sector, mak-
ing it more adaptable and responsive to environmen-
tal and market changes. Specifically, the application of 
integrated machine learning-based model promotes cir-
cularity in manufacturing processes by improving the 
integration of recycled materials back into production 
cycles, thus supporting sustainable practices. Further-
more, the economic implications of such integration are 
substantial, including measurable reductions in opera-
tional costs, improved efficiency in supply chain plan-
ning, and enhanced responsiveness to market changes. 
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Additionally, by promoting material reuse and recycling, 
the integrated model economically incentivizes circular 
practices, minimising waste-related costs, and aligning 
industrial operations with evolving market and regula-
tory demands. Consequently, this research significantly 
advances predictive analytics in supply chain manage-
ment, delivering tangible economic benefits and support-
ing sustainable, resilient, and human-centric industrial 
practices.

This research contributes to the management of 
customer-driven E2E supply chain uncertainties by 
demonstrating the importance of integrating forward 
and reverse supply chains. By providing actionable 
insights through advanced predictive models, this
research offers clear guidance for supply chain managers 
on how to optimise inventory, enhance production effi-
ciency, and support sustainability in supply chain oper-
ations. Moreover, this research can help manufacturers 
and remanufacturers make more informed and timely 
decisions, optimising production and remanufacturing 
processes, allocating resources more effectively, and ulti-
mately aligning supply with demand. This approach not 
only reduces backorder occurrences and their associated 
costs but also promotes a more sustainable and circu-
lar value chain by efficiently handling product returns, 
thereby supporting the resilience and sustainability goals 
emphasised in Industry 5.0.

5.3. Limitation

This research contains some limitations. While the pro-
posed Bayesian-optimised LGBM model is designed for 
efficiency, scalability challenges may arise as data vol-
umes increase or when applied across highly intricate 
supply chains with multiple interdependencies. Further-
more, the model’s effectiveness relies heavily on the qual-
ity and completeness of the input data, making it vulnera-
ble to errors or biases introduced by missing or inaccurate 
information. Additionally, regarding the data handling 
strategy, this research employs a random under-sampling 
method yielding a 1:42 class ratio. Although this trade-
off is justified to prevent information loss, the remaining 
imbalance may still bias the classifier slightly towards 
the majority class compared to advanced synthetic sam-
pling techniques. For the proposed hybrid KNNMTD-
optimised Stacking ensemble model, it is necessary to 
compare the performance with other ensemble mod-
els. The influence factors, such as customer preferences 
and economic policy, are not considered in this research. 
Finally, the interpretability of machine learning models, 
such as LGBM and stacking models, can pose challenges, 
particularly for stakeholders who require transparent 
insights into decision-making processes.

6. Conclusion

The transition from Industry 4.0 to Industry 5.0, with 
its emphasis on sustainability, human-centricity, and 
resilience, highlights the urgent need for research into 
customer-driven E2E supply chain uncertainty to ensure 
adaptability and success in an evolving manufactur-
ing environment. Addressing this uncertainty, which 
includes managing backorder risks and handling recy-
cled end-of-life product quantities, is crucial for pro-
moting circularity in manufacturing processes, thus 
supporting sustainable practices and enhancing sup-
ply chain resilience against disruptions. An integrated 
machine learning-based model is proposed to miti-
gate customer-driven E2E supply chain uncertainty. This 
model combines a Bayesian-optimised LGBM to pre-
dict backorder risks and a KNNMTD-optimised Stacking 
ensemble model to forecast recycled end-of-life product 
quantities. Case studies reveal the proposed integrated 
model significantly improves prediction performance 
and generalisation capability for managing customer-
driven supply chain uncertainties, which potentially 
enhances supply chain resilience and aligns supply with 
demand.

The findings of this research contribute to more 
resilient and efficient supply chains by reducing uncer-
tainty and promoting sustainable practices. The models 
support the goals of the circular economy by integrating 
recycled materials back into production processes and 
enhancing the adaptability of supply chains to disrup-
tions. Future work could focus on explicitly modelling 
the interdependencies between the forward and reverse 
processes to make the coupling more operational, fur-
ther enhancing the predictive power of the system. 
Furthermore, future research should explore advanced 
data balancing techniques, such as synthetic minority 
over-sampling technique (SMOTE) or adaptive synthetic 
(ADASYN) sampling, as well as algorithmic approaches 
like cost-sensitive learning or focal loss functions, to 
further address class imbalance without the informa-
tion loss associated with under-sampling. Additionally, 
future research could focus on extending the mod-
els to different industries and supply chain contexts to 
enhance their generalizability. Incorporating real-time 
data streams and adaptive learning algorithms could 
improve the models’ ability to respond dynamically to 
disruptions and market changes. Another area of focus 
is enhancing the explainability and interpretability of the 
models to foster trust and facilitate adoption by industry 
stakeholders.
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