Supply Chain and Operations Decision Making

www.scodm.reapress.com

AiL_REA

ReserrchExpansion Allance G415 Chain Oper. Decis. Mak. Vol. 3, No. 1 (2026) 26-45.

Paper Type: Original Article

Sustainable Design of a Closed-Loop Automotive Spare
Parts Supply Chain Using Machine Learning—Based

Product Return Rate Forecasting

Abbas Foroozanfar*=", Amirhossein Amou Jafari?, Mahsa Mehrabi?

! Depattment of Industrial Engineering, Sharif University of Technology, Tehran, Iran; forouzanfar.abbas@ie.sharif.edu;

jafaryamir558@gmail.com; Mehrabi.mahsa@ie.sharif.edu.

Citation:
Received: 29 July 2025 Foroozanfar, A., Amou Jafari, A., & Mehrabi, M. (2026). Sustainable
Revised: 01 September 2025 design of a closed-loop automotive spare parts supply chain using
Accepted: 16 November 2025 machine learning-based product return rate forecasting: supply chain and
operations decision making, 3(1), 26-45.
Abstract

Faced with mounting ecological issues alongside tighter financial constraints, businesses are turning toward circular supply
models that handle goods moving both ways - outward to customers, backward from returns. One of the key challenges in
designing such supply chains is accurately forecasting product return rates, as it plays a critical role in location, operational,
and capacity planning decisions. In this study, a two-stage framework is proposed based on real-world data obtained from
a company operating in the automotive spare patts industry, with a specific focus on brake pads as the target product. In
the first stage, product return rates are predicted using three machine learning algorithms—Ridge Regression, Random
Forest, and Support Vector Regression—based on six key customer- and order-related features. The model evaluation
results indicate that the Random Forest algorithm outperforms the other two models, achieving lower Mean Absolute Error
(MAE) and a higher coefficient of determination (R?), thereby providing more accurate predictions. In the second stage,
the output of the forecasting model is incorporated as input into a weighted multi-objective mathematical programming
model that simultaneously considers economic, environmental, and social objectives for the design of a Closed-Loop
Supply Chain (CLSC) network, encompassing eight facility types. Solving the model with real-world data demonstrates that
more accurate return-rate forecasts lead to a 16.5% reduction in operational costs and a 33.7% decrease in environmental
impacts compared to models with lower predictive accuracy. These results highlight that integrating machine learning
techniques with mathematical optimization can significantly enhance the effectiveness of strategic decision-making in CLSC
design.

Keywords: Closed-loop supply chain, Random forest, Ridge regression, Support vector regression, Product return rate.

1| Introduction

In recent decades, growing environmental concerns and the need for more efficient resource use have

motivated firms to design and implement Closed-Loop Supply Chains (CLSCs). Unlike traditional supply
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chains that focus solely on forward flows—such as procurement, production, and customer distribution—
CLSCs explicitly incorporate reverse flows. These reverse processes include the collection, return, repair,

remanufacturing, or recycling of used, defective, or end-of-life products [1].

The effective design of a CLSC requires careful consideration of several critical factors, among them the
product return rate, which plays a pivotal role. The return rate directly influences capacity planning, resource
allocation, and logistics-related decisions. Inaccurate estimation of this parameter can lead to misleading
modeling outcomes and suboptimal strategic decisions [2]. Consequently, reliable prediction of product
returns is a fundamental prerequisite for robust CLSC network design.

Product returns occur for various reasons, including product malfunction, mismatch with customer
expectations, warranty claims, or customer dissatisfaction. These returns significantly increase operational
costs and reduce supply chain efficiency. Therefore, designing and implementing a CLSC capable of efficiently
managing recovery, remanufacturing, and redistribution processes has become an unavoidable necessity for
modern industries [3]. However, due to the inherent complexities and uncertainties associated with consumer
behavior and product life cycles, traditional statistical forecasting approaches often fail to provide sufficiently
accurate predictions of return rates.

Today, managers' viewpoints on supply chain management have changed, and the use of information
technology in this field is becoming more widespread [4]. In recent years, the emergence of Machine Learning
(ML) techniques, along with their strong capability to analyze large-scale, complex datasets and uncover
hidden patterns, has created new opportunities to address this challenge. By leveraging historical data on sales,
returns, product attributes, and customer characteristics, M. models can predict product return rates with

greater accuracy and robustness than conventional methods [5].

In this study, a CLSC model is developed for the automotive spare parts industry, a particularly suitable
context for such an approach given the nature of its products and the relatively high return rates of defective
or remanufacturable components. Within the proposed framework, the spare parts return rate is predicted
using historical data and ML algorithms and subsequently incorporated as a key input parameter into the
supply chain optimization model.

This research proposes an integrated two-stage approach that combines ML-based predictive capabilities with
strategic decision-making in CLSC management. The primary objective of this study is to evaluate the
effectiveness of various ML models for forecasting customer return rates and to provide actionable insights
to improve supply chain performance from economic, environmental, and social sustainability perspectives.
The overall structure of the proposed approach is illustrated in Fig. 7.

The remainder of this paper is organized as follows. Section 2 reviews the relevant literature. Section 3
presents the problem definition and model formulation. Section 4 reports the computational results and
validation of the proposed approach. Finally, Section 5 concludes the paper and outlines directions for future
research.

Based on the objectives and scope of this study, the following Research Questions (RQ) are formulated:

RQ1: How accurately can different ML algorithms predict product return rates in a CLSC for the automotive
spate parts industry?

RQ2: What is the impact of incorporating ML-based return rate predictions on strategic decisions and the
overall performance of CLSC network design?

RQ3: How does the proposed integrated approach contribute to improving economic efficiency,

environmental sustainability, and social performance within CLSCs?
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Fig. 1. Graphical abstract of the methodology.

2| Literature Review

2.1| Learning-Based Return Forecasting in Closed-Loop Supply Chains

In CLSCs, accurately forecasting product return rates is fundamental to designing and operating an efficient
reverse flow, because return volumes, timing, and condition directly shape collection -capacity,
remanufacturing plans, inventory policies, and transportation decisions. Early work in this area primarily relied
on statistical forecasting to characterize return behavior and reduce uncertainty. In this stream, Carrasco-
Gallego et al. [6], working in the Liquefied Petroleum Gas (LPG) context, introduced dynamic regression
models to forecast the return of reusable cylinders in Spain by explicitly linking sales patterns to subsequent
return flows, thereby translating market demand signals into reverse logistics expectations. Building on the
need to represent uncertainty and heterogeneity in return processes better, Krapp et al. [7] adopted Bayesian
estimation for forecasting product returns in CLSCs, showing that probabilistic inference can offer higher
flexibility than conventional approaches and improve decisions—particularly in inventory management—
where planners benefit from uncertainty-aware predictions; their evidence also suggested practical value for

recycling and return-intensive industries in reducing operational variability.

As researchers began to recognize that return forecasting often requires going beyond a single dimension,
attention shifted toward integrated predictions that jointly capture multiple return attributes. From this
perspective, Liang et al. [8] proposed a method that simultaneously forecasts the quantity, quality, and timing
of returns, focusing on electric vehicle battery returns and using information on sales, usage patterns,
customer behavior, and product lifetime to improve predictive performance; importantly, they validated their
approach via Monte Carlo simulation, reinforcing its applicability under realistic conditions. In parallel, other
studies examined the planning implications of returns, particularly in remanufacturing systems where
production decisions depend heavily on the availability of returned cores. Matsumoto and Komatsu [9]
addressed this challenge by forecasting demand for returned products in remanufacturing, deliberately moving
away from strong assumptions about new-product sales timing and fixed lifetimes; instead, they employed
time-series techniques—Holt—Winters and Autoregressive Integrated Moving Average (ARIMA)—to learn
trends and seasonality directly from historical signals, demonstrating improved forecasts using a long-hotrizon
dataset of 12 years of sales across 160 types of remanufactured alternators and starters.
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To better capture the process structure underlying returns and recovery, another line of research modeled
remanufacturing operations as systems whose stochastic behavior can be characterized analytically. In this
direction, Zhou et al. [10] developed a model that jointly predicts return amount, timing, and probability,
while also estimating recoverable parts/materials and waste generation; they converted the operational
remanufacturing process into a stochastic network and used the Graphical Evaluation and Review Technique
(GERT) together with Mason’s rule to derive an equivalent transfer function, aiming to increase forecast
fidelity by embedding process logic into the prediction mechanism. Closely related, yet focused on the
dependence between sales/demand signals and delayed returns, Geda and Kwong [11] tackled forecasting
used-product returns to meet remanufacturing demand by employing Distributed Lag Models (DLMs) with
a normal-negative binomial delay function, and they estimated delay parameters using Bayesian Monte Catlo
simulation; their evaluation using Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE)
indicated strong predictive capability and apparent usefulness for closed-loop planning.

While many studies addressed returns at the product level, others emphasized sector-specific return streams
and the macro drivers behind them. For instance, Pereira et al. [12] examined the closed-loop tire supply chain
by modeling the relationship between tires introduced into the market and tires returned for recycling, using
a transfer function approach and studying its application in Brazil, where aftermarket tire volumes and new
vehicle counts served as key inputs, and collected tires were treated as the output. Alongside forecasting
models, inventory-focused research explored how return predictions should be operationalized into policies.
Chou et al. [13] investigated periodic-review inventory models over a finite horizon with two
remanufacturable part types—buyback returns and ordinary parts—treating buyback returns as a function of
past demand and sales; they derived an optimal inventory policy when returns are forecast from past demand
and then introduced a practical, structured policy for the case where returns are forecast from past sales,

evaluating performance to ensure operational feasibility.

As methodological sophistication increased, researchers also revisited how return-forecasting parameters
should be estimated—particulatly in delay-based models where complexity can challenge standard estimators.
Geda and Kwong [14] extended their eatlier work by improving forecasts of the quantity and timing of used-
product returns within the DLM framework, proposing a Bayesian inference approach coupled with Monte
Carlo simulation to estimate delay-function parameters more efficiently; crucially, they showed that this
method can be more robust than Maximum Likelihood Estimation (MLE) when the delay structure is
complex, and their real case study reported improvements in MAPE and error variance. More recently, return
forecasting has been investigated in domains where intermittency, legal constraints, and high uncertainty
complicate planning. Turki et al. [15], focusing on healthcare CLSCs, addressed forecasting the supply capacity
of recovered spare parts extracted from returned systems and proposed a dynamic, monthly updated
forecasting procedure that combines statistical models—TSB-Croston, a 12-month moving average, ARIMA,
and Seasonal ARIMA (SARIMA)—with a business-knowledge-based model; using over 1,400 intermittent
time seties, they compared performance against standalone methods using MAPE, MAE, Mean Squared
Error (MSE), and Root Mean Squared Error (RMSE), highlighting the importance of hybrid, continuously
updated forecasting in practice.

Alongside these statistical and process-based approaches, ML has increasingly been adopted to capture
nonlinearities and complex interactions in return behavior, especially when rich feature data are available.
Within this line, ADIGUZEL TUYLU and Eroglu [16] studied the prediction of product return rates in
reverse logistics for the textile industry, demonstrating that ML models can accurately infer return likelihood
from product attributes and customer preferences, with practical implications for reducing unnecessary
production and transportation costs while improving planning. In the automotive accessories context, Cui et
al. [5] forecasted product return volumes using real industrial data and compared multiple ML approaches—
Least Absolute Shrinkage and Selection Operator (LASSO), Elastic Net, Smoothly Clipped Absolute
Deviation (SCAD), Random Forest (RF), and Gradient Boosting—finding that LASSO performed best due
to its ability to select essential interactions and its implementation simplicity. At the same time, overall results
supported the operational and financial value of accurate return forecasts. For settings where return behavior
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is driven by multiple interacting factors and fast-changing customer preferences, Tuyli and Eruglo [17]
employed ensemble learning in the apparel industry’s reverse supply chain, using Stacking and Vote (Voting)
to improve prediction accuracy beyond traditional time-series methods; tested on data from an international
apparel company, their approach supported better control of production, distribution, warehousing, and cost
in reverse logistics. Finally, with the rise of deep learning, Gao [18] explored optimization strategies for CLSC
management by developing a forecasting model based on a Multi-head Attention Gated Recurrent Unit
(GRU) architecture for time-series supply chain data, and then using Genetic Algorithms (GA) and Simulated
Annealing (SA) to optimize decisions; the proposed hybrid pipeline illustrates the direction toward combining
deep predictive models with metaheuristic optimization to improve sustainability and efficiency in industrial
contexts.

Taken together, this body of work shows a steady progression from classical statistical forecasting toward
richer machine-learning and hybrid paradigms—ranging from Bayesian estimation and time-series methods
such as Holt—Winters and ARIMA, to stochastic-network modeling via GERT and Mason’s rule, and DLM-
based delay modeling supported by Bayesian Monte Catlo inference. However, despite these advances, much
of the literature still focuses on limited-return aspects (often quantity or timing) or treats forecasting as a
standalone task. At the same time, the explicit, operationally linked integration of forecasting outputs into
closed-loop network design and optimization decisions—such as inventory control and remanufacturing

capacity planning—remains comparatively underdeveloped.
2.2 | Network Design and Decision Models for Closed-Loop Supply Chains

Alongside forecasting studies, a significant limitation in the CLSC literature has been that predictive results
were often not translated into prescriptive network and policy decisions, even though the real value of
forecasting emerges only when it informs choices such as inventory control, disposition planning, and reverse-
flow configuration. Farly decision-oriented work began to operationalize return forecasts within policy
design: Chou et al. [13] investigated periodic-review inventory models for remanufacturable parts and
embedded return forecasts—modeled as functions of past demand and sales—into the structure of optimal
and implementable inventory policies. More recently, research has increasingly emphasized the need to
integrate data-driven insights into broader sustainability and planning decisions. Ashtab and Tosarkani [19]

linked predictive/behavioral drivers to CLSC decision-making by analyzing how brand-related information
affects consumer recycling awareness and return behavior and then incorporating these insights into a closed-
loop optimization setting, thereby illustrating how predictive signals can be converted into design-relevant
inputs.

A key challenge in return-intensive retail systems is that product returns are often sales-dependent and delayed
across multiple periods, so inventory decisions based only on “net demand” may ignore when and from which
past sales returns will arrive. Addressing this gap, G6kbayrak et al. [20] developed a finite-horizon inventory
model in which stochastic returns arrive from multiple previous sales periods with time-varying return
probabilities, and the policy explicitly tracks a return-potential state alongside inventory. They formulated the
ordering problem as a dynamic program with standard operational costs and constraints. They proposed an
approximate dynamic programming solution to handle the large state space induced by the multi-period return
window.

At the process-integration level, Cortes et al. [21] addressed the fragmentation of Al applications in reverse
logistics by framing the reverse logistics process around three macro-stages—planning, execution, and
control—and mapping Al tools to the key decision points across these stages, which clarified how predictive
and decision-support methods should be positioned within activities such as collection and transport,
inspection and sorting, disposition, and performance monitoring. Complementing this process lens with an
explicit predictive—prescriptive pipeline, Ibrahim and Abdul-kader [22] developed an integrated framework
for sustainable cellphone return management in which return-rate prediction was connected to downstream
disposition planning through condition-uncertainty modeling and decision-oriented categorization of

returned items. Overall, the progression of this stream shows a clear shift from using forecasts in isolated
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settings toward structuring and integrating return-related predictions into coherent CLSC decision models,

particularly in the most recent work.
2.3 | Gap Analysis

Existing research on CLSCs has generally advanced along two streams that have remained only loosely
connected in terms of data, modeling assumptions, and decision interfaces. In the first stream, return-
forecasting studies have focused on improving predictive accuracy for return quantity, timing, and,
sometimes, quality/condition by leveraging statistical regression, time-seties approaches, Bayesian inference,
and, more recently, machine-learning and deep-learning methods. However, these studies have often been
formulated as self-contained forecasting exercises: they typically report error metrics and predictive
improvements, but stop short of specifying how the forecasted return rates should be embedded into the
subsequent decision layers of a closed-loop system. In practice, this means that forecasts are frequently
produced at an aggregate level (e.g., product category, period, or market region) or treated as descriptive
outputs, without an explicit mapping from predicted returns to the concrete decision variables that govern
reverse logistics, such as facility utilization, collection and inspection capacity, disposition volumes, and

reverse-flow routing.

In the second stream, network design and prescriptive optimization models have been widely used to
determine facility locations, allocation rules, and forward/reverse flows in pursuit of economic and
sustainability objectives. Yet these models have often represented product returns through simplified
constructs—such as fixed return ratios, scenario assumptions, stationary distributions, or deterministic
averages—chosen mainly for tractability rather than fidelity to customer behavior. Even when uncertainty is
considered, it is commonly introduced through generic uncertainty sets or high-level scenarios that do not
originate from observed, customer-level return mechanisms. As a result, the return process is frequently
exogenous to the model: the reverse flows are “assumed” rather than generated from behavioral or
transactional evidence, and they do not respond endogenously to the same signals that drive forward sales.
This disconnect is non-trivial because returns in many industries are delayed, sales-dependent, and
heterogeneous across customers, products, and sales channels; ignoring these properties can distort strategic
decisions by misestimating how much material will arrive, when, and in what condition.

To address this structural disconnect, the present work introduces an integrated forecasting—optimization
framework in which a learning-based return model is positioned as a decision-relevant input rather than a
descriptive add-on. Specifically, a supervised machine-learning module is developed to estimate
customer/order-level return rates from historical transactional data (by benchmarking models such as Ridge
Regression (RR), Support Vector Regression (SVR), and RF). The resulting predicted return rate is then
embedded as a parameter within a multi-period, multi-echelon mathematical programming model for an
automotive spare-parts CLSC. In this formulation, the predicted returns directly govern reverse-flow
generation and, consequently, influence facility activation decisions and forward/reverse shipment plans
across suppliers, plants, distribution centers, customer zones, and recovery facilities (collection/inspection,
repair, recycling, and disposal). The optimization layer is structured as a sustainability-oriented multi-objective
model—cost, environmental impact, and social employment—and is operationalized via Weighted Goal
Programming (WGP) to obtain a single implementable plan consistent with decision-maker priorities, thereby

ensuring that the learning output is used in the precise place where strategic network decisions are made.
3 | Problem Definition

In the automotive industry, the timely, efficient, and sustainable supply of spare parts has always been a critical
strategic challenge, as poor performance in this area can lead to customer dissatisfaction, reduced vehicle
lifespans, increased technical waste, and ultimately damage to manufacturers’ brand reputation. Given the
complexity of automotive spare parts supply chains, the high-risk nature of demand, the variability of
customer return rates, and the necessity of simultaneously addressing economic, environmental, and social
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dimensions, designing a CLSC network that meets sustainability requirements has become unavoidable. In
this context, the present study focuses on developing a comprehensive and practical model for a sustainable
automotive spare parts supply chain, in which customer product return rates are forecast using ML techniques
such as Ridge Linear Regression, RF, and SVR, and subsequently incorporated into the mathematical model
as input data. The network under investigation comprises a variety of facilities, including manufacturing,
distribution, collection, recycling, repair, and final disposal centers, within which product flows from
production to consumption and from consumption to recovery or disposal are modeled in an integrated

manner.

The proposed model is formulated as a multi-objective mathematical programming framework to minimize
operational costs (including production, transportation, and facility establishment costs), minimize
environmental impacts (such as carbon emissions), and maximize social benefits (notably job creation across
different regions). To transform the multi-objective model into a solvable formulation, a WGP approach is
employed to derive an optimal solution that maximizes alignhment with the decision maket’s priorities. Subject
to constraints such as facility capacity, flow balance, optimal resource allocation, and spatial and temporal
limitations, the model seeks to design a sustainable, cost-effective, and environmentally compatible network
for managing the life cycle of automotive spate parts over a specified planning horizon. The overall structure
of the CLSC examined in this study is illustrated in Frg. 2.
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Fig. 2. Supply chain network structure.

3.1| Machine Learning Models

This section introduces the ML models used to predict product return rates. Three models are examined,
namely SVR, RF, and RR. These models are selected due to their strong capabilities in analyzing complex
data patterns and providing accurate predictions, making them well-suited for modeling product return
behavior. In the following subsections, the structure, key characteristics, and underlying mathematical
foundations of each model are briefly described.

3.1.1| Support vector regression

SVR is an MI—based method that follows principles similar to those of the Support Vector Machine for
classification, but is explicitly designed for regression tasks. The primary objective of SVR is to identify a
function whose prediction errors do not exceed a predefined threshold, denoted by . The general form of
the SVR model is expressed in Eg. (7), where w € R" represents the weight vector, b € R" denotes the bias
term, and x € R" is the input feature vector. Under this formulation, it is assumed that the data in the feature
space can be separated or approximated by a hyperplane.
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f(x) =b + (w,x). )

The optimization objective function in SVR is defined as shown in Eg. (2), subject to the constraints presented
in Egs. (3)-(5). In these formulations, y; denotes the actual target value of the 3th sample. The variables & and
§; represent positive slack variables that penalize deviations exceeding the e-insensitive margin, capturing both
positive and negative deviations from the observed data, respectively. The parameter C is a tunable
regularization constant that controls the trade-off between model complexity and the allowable level of
prediction errot.

min —||w||2 +CZ(§1 +8). @

Wb, 8 2

Subjected to

yi— (w,x;) —b<e+§, foralli€], 3)
(wx))+b—y; <e+¢, foralli€], “)
£, =0, foralli€el 5)

When the data are not lineatly separable or cannot be adequately modeled by a linear function, a nonlinear
mapping to a higher-dimensional feature space can be used. This argument is achieved using kernel functions.
Under this formulation, the objective is to identify a function of the form shown in Egq. (6), where ¢p(X) is a
mapping function that transforms the data from the original input space into a higher-dimensional (or
potentially infinite-dimensional) feature space. As a result, a nonlinear problem in the original space is
converted into a linear problem in the transformed feature space.

() =b +(w, $(X)). (©)
The optimization objective function of SVR is defined in Eg. (7), subject to the constraints presented in Egs.
(8)-(10).
— 2 7
nin, 3wl +c2(a+a ™

Subjected to

Vi — (W, p(x1)) —b < e+ §, foralli €1, ®)
(W, p(xi)) +b—y; < e+, foralli €1, )
Ei; E;k = O, foralli €l. (10)

This optimization problem is typically solved in its dual form, yielding a prediction function expressed as in
Eg. (11). In this formulation, ; and @; denote the Lagrange multipliers, and K (x;, x), which can equivalently
be written as (¢ (x;), d(x)), represents the kernel function.

n

f(x) = Z(ai — o )K(x;,%x) + b. (11)

i=1
3.1.2| Random forest

The RF model is an ensemble learning method composed of a collection of independent decision trees. Let
the training dataset consist of n samples. {(x;,y;)}{L1, whete x; € R" denotes the feature vector of the i-th
sample and y; € R" represents the corresponding target value. Each decision tree f; is constructed using
bootstrap sampling (i.e., random sampling with replacement) from the training data, along with the random
selection of a subset of features at each split, to preserve diversity and independence among the trees.

Each tree partitions the feature space into several disjoint regions Ry, for m = 1, ..., M, where M, denotes

the number of terminal nodes (leaves) of the tree t. The prediction of each tree for a new input Xis given by
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the average target value of the training samples falling into the leaf corresponding to x. The final prediction
of the RF is obtained by averaging the predictions of all decision trees and is expressed as shown in Eq. (72),
where fi(x) denotes the prediction of the t-th decision tree for the sample X, and the total number of trees in
the forest is denoted by T.

fo) = 2381 (). (12)

3.1.3| Ridge regression

RR is a regularized linear regression method primarily used to mitigate overfitting in regression models. This
approach reduces model complexity and shrinks the regression coefficients toward zero by incorporating a

penalty term into the cost function of ordinary linear regression.

Suppose that the linear regression model is expressed as shown in Eg. (73), where y denotes the vector of
observed response values, X represents the feature matrix (an n X p matrix in which n is the number of
observations and p is the number of features), B is the vector of model coefficients, and € denotes the random

error term.

y=XB+e (13)

In linear regression, the cost function (loss function) is given by Eg. (74), which aims to minimize the sum of
squared errors.

min|ly — XB|I*. (14)
But in RR, the cost function is given by Eg. (75).
min(|ly — XBII* +AlIBII®). (15)

where ||B]|? is computed as shown in Eg. (16). The parameter A is a regularization coefficient that controls

the strength of the penalty term.

P
181 =) 87 (16)
j=1

By differentiating Eq. (15), Eq. (17) is obtained. In this expression, XT denotes the transpose of the feature
matrix, lis the identity matrix, and A is a non-negative scalar. When A = 0, the formulation reduces to ordinary
linear regression. As the value of A increases, the regression coefficients are increasingly shrunk toward zero,
although they do not become exactly zero, resulting in a simpler model. This method is particularly effective
in situations where multicollinearity exists among the features or when the number of features exceeds the
number of observations.

Bridge = (XTX + AI)7XTy. 17)

3.2 | Mathematical Modeling

The symbols used for mathematical modeling of the problem are given in Table 1.

Table 1. Notation.

Symbol Description
Sets

s€{l,..,S5} Set of suppliers.
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Table 1. Continued.

Symbol Description
Sets
pe€f{l .. P} Set of manufacturing plants.
defl,..,D} Set of distribution centers.
cefl,..q Set of customerts.
ie{l,..1} Set of collection and inspection centers.
ke{l.. K} Set of repait centers.
le .. 1} Set of recycling centers.
m € {1,..., M} Set of disposal centets.
tefl,.., T} Set of time periods.
Parameters
t . iy . . .
Cyy Capacity of facility ye{s, p,d, i, m, 1, k} in period t.
FJy Number of fixed jobs created by establishing facility yefs, p, d,i, m,1,k}.
Vly Number of vatiable jobs created by establishing facility ye{s, p,d, i, m, ], k}.
FC, Fixed cost of establishing facility ye{s, p,d, i, m, 1, k}.
TCsp Transportation cost per unit from suppliers to the plant p.
TCpa Transportation cost pet unit from plant p to distribution center d.
TCqc Transportation cost pet unit from distribution center d to customer c.
TCei Transportation cost per unit from customer C to the collection and inspection center .
TCy Transportation cost per unit from the collection and inspection center i to the recycling
center |.
TCim Transportation cost per unit from the collection and inspection center 1 to the disposal
center m.
TCix Transportation cost per unit from the collection and inspection center i to the repair
center k.
TCys Transpottation cost pet unit from the recycling center | to the supplier s.
TCa Transportation cost pet unit from repair center K to distribution center d.
EISsp Environmental impact per unit transported from suppliers to the plant p.
ElSpq Environmental impact pet unit transported from plant p to distribution center d.
ElSqc Environmental impact pet unit transported from the distribution center d to customer c.
EIS Environmental impact per unit transported from customer C to the collection and
inspection center i.
EIS; Environmental impact per unit transported from the collection and inspection center i to
the recycling center 1.
ElSim Environmental impact pet unit transported from the collection and inspection center i to
the disposal center m.
EISik Environmental impact pet unit transported from the collection and inspection center i to
the repair center k.
EISjs Environmental impact pet unit transported from the recycling center 1 to suppliers.
ElSkq Environmental impact pet unit transported from repair center K to distribution center d.
EIR, Environmental impact of product manufacturing at plant p.
EIDpy Environmental impact of product disposal at the disposal center m.
t . . .
MGy Production cost at plant p in period t.
t . . . ‘
DCr Disposal cost at the disposal center, m, in period t.
t . . . .
RC; Recycling cost at the recycling center | in petiod t.
t . . . .
BCy Repait cost at repair center K in petiod t.

DE¢ Customer demand ¢ in period t.
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Table 1. Continued.

Symbol Description

Parameters

RY Recycling rate in period t.

RV Repair rate in period t.

RD; Disposal rate in period t.

Pc Product return rate of customer €, predicted by the ML model.

Variables

0vy Binary variable equal to 1 if facility ye{s, p,d,i,m,1,k} is used in period t, and zero
otherwise.

QSsp Quantity shipped from suppliers to plant p in period t.

QSpa Quantity shipped from plant p to distribution center d in petiod t.

QSgc Quantity shipped from distribution center d to customer ¢ in petiod t.

QSg; Quantity shipped from customer C to collection and inspection center i in period t.

Qsj; Quantity shipped from collection and inspection center i to recycling center 1 in period t.

QSim Quantity shipped from collection and inspection center i to disposal center m in period t.

QSik Quantity shipped from collection and inspection center i to repair center K in period t.

QSjs Quantity shipped from recycling center 1 to supplier s in period t.

QSkq Quantity shipped from repair center k to distribution center d in period t.

The following is a mathematical programming model for the supply chain network.

Min OC = ¥, ¥ FC,0P} + X4 X FC40D§ + X; Xt FC;OIf + X, ¢ FC,,OM],
+%1 Xt FQOL] + Xy Xt FCOK} + X, Y B¢ MC5QSHy + X X1 X RCIQS]
+ Yk Xi Xt BCLQSk + Xm i X¢ DCRLQSH, + X Xp Xt TCLaQSha

+24 e Xt TC4cQSge + Xe Xi Xt TC.QSE + Xi Xm Xt TCimQSin

+%i 21 X TCQSH + Xi Xk Xt TCixk QS + Xs Xq Xt TCkaQSka

+Z Z Z TCSpQS§p,
s p t

MinEl = ¥, ¥q ¢ EIP,QSpq + i Xm X¢ EIDRQSH, + X5 Xp Xt EISg,QSE,

+3p Ya Xt EISpaQSpq + +Xa Xe Xt EISqcQSE + X Xi X¢ EISQS
+ % Ym 2t EISimQShn + i X1 Xt EIS3QSH + X T B¢ EISiQSk

MAX SI = 3, ¢ FJ,0PS + 4 Z¢ FJqODY + Xi T¢ FJiOIf + Xy T¢ FlmOMY,

+z z z EIS;sQSf; +z z z EIS1qQSkq,
1 S t k d t

+3 T¢ FJIOL] + Xy Xf FIOKE + X Ta e VIpQSEa/CPS + X Xe Te VIaQSi./CDY
+ X X Ze VIiQSL/Cif + X T X¢ VImQSHn/CME + 35 31 3¢ VIIQSH/CLY

t
sp

f)d < OP}CP;, forallp,t,

I

< 0SLCS:,  foralls,t, (21)

(18)

19)

(20)

(22)
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z QSpa + QSkq < ODCDg,  foralld,t, (23)

Z Qs < oifclf,  foralli,t, (24)

z QSfn < OMECME,  forallm,t, (25)

Z QS < OLiCL},  foralllt, (26)

S

z QSsp = Z QSpa,  forallp,t, (27)

s d

> Qstat Y QSha= . Qshe  foralldt @8)

k p C

Z QS = Z QSim +Z Qs} +Z QSt,  forallit, (29)
1

Z Qsf = Z QSLRY,, forall i, t, (30)

z QSjy = Z QSf;,  foralllt, 31)

Z Qs} = Z QSLRV,  forallit, (32)

Z Qs = Z Oty forallkt (33)

i d

Z stm = Z QS(t;iRDt, for all i, t, (34)

m C

Z QS§. = DEL, forall ¢, t, (35)

d

Z QSg = DEf *p,  forallct, (36)

i

Z ost<s, forallt, 37)

S

z OP! < P, for all t, (38)

P

z OIit <] forall t, 39

i

Z OD§ <D, forallt, (40)

d

Z ol <L, forallt, (41)

1

Z OM{, < M, for all t, (42)

m

Z OKL <K,  forallt, 43)

stp, QSpas QS&cr QSEi» QSimy QSH, QS QSJs, QSkg = 0, foralli, s, k1, m, p, t,¢,d, (44)

0S:, OP§, 0D, OIf, OM,, OL}, OK} € {0,1},  foralli,s,k,1,m,p,t,c,d. (45)
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The first objective function computes the total cost of the CLSC network. It includes three major
components: 1) fixed establishment/activation costs for the different facility types considered in the network,
2) operating costs associated with production, recycling, repair, and disposal processes, and 3) transportation
costs incurred across all forward and reverse links between the network echelons. The second objective
function captures the environmental impacts generated by closed-loop operations. In this function, the first
two terms reflect the environmental burdens of manufacturing at plants and disposing of returned items at
disposal centers, respectively. In contrast, the remaining terms quantify the transportation-related
environmental impacts arising from flows between facilities. The third objective function represents the social
dimension of sustainability. Social impact is measured through employment creation by considering 1) fixed
jobs generated by establishing facilities and 2) vatiable jobs induced by operational throughput. In particular,
the seventh to twelfth terms correspond to variable employment created by operational activities at the

facilities; therefore, this objective seeks to maximize social benefits.

The mathematical program is given in Egs. (18)-(45). Eq. (18) minimizes total cost, Eq. (79) minimizes total
environmental impact, and Eg. (20) maximizes social impact (employment). Egs. (27)-(26) enforce capacity
limits for the corresponding facilities in each period, including output capacities for suppliers, plants, and
recycling centers, and input capacities for distribution, collection/inspection, and disposal centers. Egs. (27)-
(34) impose flow-balance relationships, ensuring conservation of flow at each node: manufacturing plants,
distribution centers, and collection/inspection centers (27)-(29); recycling centers Egs. (30)-(31); tepait centers
Egs. (32)-(33); and disposal centers Eq. (34). Eq. (35) guarantees full demand satisfaction for each customer
and period. Eq. (36) defines the collected return quantity as a function of demand and the predicted return
rate. Egs. (37)-(43) limit the allowable number of facilities that can be opened/operated for each facility type.
Finally, Egs. (44)-(45) specify the domains of decision variables: shipment quantities are non-negative
continuous variables, and facility activation variables are binary, ensuring that the model remains consistent
with practical operating conditions.

3.3| Weighted Goal Programming

Since the proposed CLSC network design model is multi-objective, an explicit preference-articulation
mechanism is required to obtain implementable solutions and to manage the inherent trade-offs among
economic, environmental, and social performance. In reverse logistics and CLSC settings, these trade-offs are
particulatly pronounced because decisions such as facility activation, capacity allocation, and forward and
reverse flow routing simultaneously influence total cost, emissions generated by processing and
transportation, and employment creation across network echelons. Accordingly, a solution approach is
needed that can incorporate decision-maker priorities transparently and operationally while producing a single
plan suitable for implementation. To address this requirement, we adopt the WGP approach. WGP enables
decision makers to specify aspiration (target) levels for each objective function in advance and then derive a
balanced solution by minimizing weighted deviations from these targets. For minimization-type objectives
(e.g., total cost and environmental impact), the goal constraints are formulated so that the deviation variables
capture exceedances above the aspiration level. In contrast, for maximization-type objectives (for example,
social impact measured through employment), the deviation variables represent shortfalls from the aspiration
level (and, if necessary, exceedances). This formulation preserves the original direction of each objective while
providing a coherent mechanism to reconcile conflicting sustainability goals within a single, implementable
CLSC network design.

Step 1 (solving individual objective functions). Initially, the model is solved separately for each objective
function as formulated in Eg. (46):

min f;(x), s.t.,i=1,2,3,...,n. (46)

This step provides the optimal values of each objective function when considered in isolation. These
individually optimized solutions constitute the components of the ideal objective vector and are commonly
used as reference points for defining aspiration levels (target values) in goal programming models [23, 24].
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Accordingly, the obtained optimal values were adopted as the target values. g; in the present study, allowing

decision-makers to evaluate trade-offs among conflicting objectives based on these reference benchmarks.

Step 2 (defining the WGP model). The aspiration levels are set based on the reference values obtained in
Step 1 and can be adjusted to reflect decision-maker preferences and policy priorities. Once target values for
each objective function are established, the goal programming model is formulated as follows:

1
n . p oy
- [Z <w> ]p_ 1)
i

i=1
Subject to:
Ax <D, (48)
fx)+df —=df =g, foralli € {1,2,3,..,n}, 49)
dr,df, x>0, (50)

where f;(x) represents the i-th objective function. g; does the decision-maker set the target value for the i-th
objective? di and dff are negative and positive deviations, representing underachievement and
overachievement of the goal, respectively. wi and w;" are assigned to the negative and positive deviations,
reflecting the relative importance of minimizing these deviations. k; = f{" — fi” is the normalization constant,
with f{" and fi~ being the positive and negative ideal points. p determines the aggregation type. In line with
prior goal programming formulations that adopt the P = 1 achievement function, we set p = 1 to obtain a
linear weighted deviation measure [25, 20].

4| Numerical Results

4.1| Training of Machine Learning Models

In this study, six numerical features extracted from customer historical records and order information are
used to predict the product return rate at the time of order placement. These features include: the number of
the customer’s previous orders, historical return rate, average value of past orders, current order value,
percentage discount applied to the order, and the duration of the customer relationship (measured in months).
The dataset comprises 845 order records, of which 80% are used for model training and the remaining 20%
for model evaluation.

To identify the most effective ML approach, three models—SVR, RF, and RR—are examined, and their
predictive performances are compared using four evaluation metrics: MSE, MAE, RMSE, and the coefficient
of determination (R*). The comparative results are presented in Fig. 3. Model training and evaluation are
conducted in Python using the scikit-learn library.
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Comparative Performance of Regression Models Using Error Metrics and Coefficient of Determination
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Fig. 3. Comparing the performance of machine learning algorithms in predicting return rates.

According to the figure, the RF model outperforms both SVR and RR, with lower MAE and RMSE and a
higher R2. These performance indicators demonstrate that RF not only provides greater predictive accuracy
but also explains a larger proportion of the data's variance. Therefore, it can be concluded that RF is a more
suitable modeling approach for the problem under investigation.

4.2 | Solution of the Multi-Objective Mathematical Programming Model

In this study, a CLSC redesign model is implemented and solved for a company operating in Iran's automotive
spare parts industry, with a particular focus on brake pads. The company previously operated a logistics
network comprising suppliers, manufacturing plants, distribution centers, customers, and recycling, repair,
and disposal facilities; however, due to inefficiencies in the existing structure, a network redesign was deemed
necessary. The proposed model is solved over six monthly planning periods.

The solution to the mathematical model is obtained by incorporating predicted product return rates from the
RF algorithm. The multi-objective mathematical programming model simultaneously addresses three primary
objectives: minimizing total operational costs, minimizing environmental impacts, and maximizing social
benefits through job creation. To solve the multi-objective formulation, a WGP approach is employed. The
model is implemented in the Pyomo optimization framework using Python and solved with the CPLEX
solver.

All computational experiments are conducted on a computer system equipped with a 12th-generation Intel
Core i7 processot, 32 GB of RAM, and Windows 11. Given the moderate network size and the reasonable
number of facilities, the model reaches the optimal solution within an acceptable computational time.

The results of solving the model indicate that the product return rate directly affects the location of collection
centers, with regions with higher return rates requiring more facilities. Fzg. 4 illustrates the geographical
distribution of the selected facilities in Iran for the first planning period, cleatly highlighting the critical role
of customer return data in the optimal design of the CLSC network.
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Fig. 4. Distribution map of supply chain facilities in the first period after the
mathematical model limit.

4.3| Validation

In this analysis, to validate the proposed approach for CLSC design, product return rates are predicted using
three ML methods—SVR, RF, and RR—and subsequently incorporated as input into the mathematical
model. A comparison of the results across the four objective functions indicates that the RF model achieves
the best overall performance, yielding an operational cost of 1,456,785, an environmental impact value of
450,123, a social index of 1,452, and a weighted goal objective function value of 842,351.

In contrast, the SVR model exhibits inferior performance, with an operational cost of 1,758,635 and an
environmental impact of 678,963. These quantitative differences demonstrate that selecting an appropriate
forecasting model can lead to substantial improvements in network-level decision-making. Therefore, this
evaluation not only confirms the superior accuracy and effectiveness of the RF model in predicting product
return rates but also implicitly validates the robustness, coherence, and generalizability of the proposed
integrated framework. The comparative results of the forecasting methods and their impact on solving the
mathematical model are presented in Fig. 5.
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Fig. 5. Validating the use of machine learning models in mathematical modeling.
4.4 | Sensitivity Analysis

To examine the model's responsiveness to vatiations in key parameters, a sensitivity analysis is conducted
with respect to the product return rate and the transportation cost from customers to collection centers. The
left-hand diagram in Fizg. 6 shows that as the product return rate increases, both the economic and
environmental objective functions exhibit an increasing trend due to the higher volume of reverse flows. In
contrast, the social objective function increases significantly due to greater employment generated by
collection, repair, and recycling centers. Nevertheless, the weighted goal objective function indicates that
when the weight assigned to the social objective is lower than that of the economic and environmental
objectives, the substantial growth in social benefits is insufficient to offset the associated economic and
environmental losses. Consequently, the overall value of the weighted goal function increases.

In the right-hand diagram of Fig. 6, an increase in the transportation cost from customers to collection centers
leads to a rise in the economic objective value. However, its impact on the environmental objective is negative,
as the network tends to reduce the number of transportation routes, resulting in a relative decrease in
environmental impacts. Additionally, reduced utilization of certain facilities leads to a decline in the social

objective function.
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Fig. 6. Sensitivity analysis of the return rate and the cost of transportation from the

customer to the collection centet.
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5| Discussion and Conclusion

This study aims to develop an integrated, data-driven framework for designing a CLSC in the automotive
spare parts industry. The proposed approach combines ML techniques with multi-objective mathematical
optimization and is implemented using real-world data from a company operating in the brake pad sector. In
the first phase, product return rates are predicted using historical data comprising 845 customer order records
through three ML algorithms: RR, SVR, and RF. The results indicate that the RF model significantly
outperforms the other methods, achieving a coefficient of determination (R?) of 0.81 and a Mean Absolute
Error (MAE) of 0.093.

In the subsequent phase, the forecasting model's output is incorporated into a multi-objective mathematical
programming model that simultaneously considers economic, environmental, and social objectives.
Numerical results from solving the model demonstrate that using accurate return-rate predictions from the
RF model, rather than SVR, leads to a 16.5% reduction in operational costs (from 1,758,635 to 1,456,785
units) and a 33.7% reduction in environmental impacts (from 678,963 to 450,123 units). Moreover, the social
benefit index increases to 1,452 under this scenario. These findings clearly illustrate that integrating accurate
ML models with mathematical optimization frameworks can substantially enhance decision-making quality in
logistics network design.

Beyond providing optimal location and operational decisions, the proposed framework shows strong
potential for generalization to other industries with reverse supply chains, such as household appliances,
electronics, and pharmaceuticals. For future research, it is recommended to incorporate hybrid deep learning
models, such as GRU or LSTM, and robust optimization techniques to better account for environmental
uncertainties. Such extensions could further strengthen the resilience and adaptability of CLSC networks

under real-world conditions.
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