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ABSTRACT:

Sustainable supplier selection is an imperative part in the process where traditional supply
chains are transforming into circular supply chains (CSCs) with emphasis on sustainability, re-
source efficiency, and minimal waste. The supplier selection methods which are traditional are
often based on expert opinions and static evaluation frameworks which might be inappropriate
to handle dynamic and intricate supply chain environments such as CSCs. In this research, this
challenge is addressed by integrating Machine Learning (ML) with the TOPSIS to select sustain-
able suppliers in the circular supply chain management (CSCM).

The ML technique, Random Forest, is utilized in the proposed method to perform feature im-
portance analysis. The various selection criteria are given weights based on the feature im-
portance to minimize bias and enhance accuracy. Suppliers are then evaluated and ranked based
on the weights given. The evaluation is based on adherence to the circular economy principles
and criteria such as cost, delivery performance and quality which are traditional.

To validate the proposed integrated framework, a case study on a food and beverage manufac-
turing industry was conducted. Data was collected, including primary data obtained through an
online structured questionnaire and secondary data from the company’s historical supplier rec-
ords. The primary data questionnaires were completed by 22 industry experts of the case com-
pany. The secondary data was followed by preprocessing, where data was merged and cleaned,
the data was then input into the ML Model to derive values of feature importance. These values
were next applied in the ML-TOPSIS model to rank suppliers.

An analysis between the ML-integrated TOPSIS and traditional TOPSIS methods was conducted
to identify the effectiveness of the proposed framework. Findings indicate the objective, adap-
tive, data-driven decision-making nature of the ML-integrated TOPSIS model. This model dy-
namically adjusts supplier rankings based on historical data, improving accuracy and efficiency,
unlike in traditional TOPSIS, which is heavily based on static, expert-defined weights and longer
processing times.

This study addresses the literature gap between the ML techniques and Multi-criteria Decision
Making (MCDM) methods in selecting sustainable suppliers for circular supply chains. The study
provides a systematic tool for industry participants to improve the supplier selection process
and promote global sustainable supply chain management. However, the study is limited by the
size and scope of the dataset, which may affect generalizability across industries and regions.
Future research can address these limitations by expanding datasets, incorporating diverse in-
dustry contexts, and exploring advanced ML techniques to improve decision accuracy and ap-
plicability.
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1 Introduction

1.1 Background of the study

The world is undergoing transformation towards sustainability where the various indus-
tries strive to become sustainable and environmentally responsible while growing their
business. As a result, supply chains are playing a key role in business operations to min-
imize the negative global resource consumption and environmental impact. However,
for a successful sustainable development not only supply chain is required but also an
integrated approach requires which includes advancement in technology, regulatory pol-
icies and corporate strategies beyond supply chain alone. The circular economy concept
operates as a powerful framework that aids industries in becoming more responsible for
sustainability and environmental aspects by minimizing waste, maximizing resource ef-
ficiency, and fostering long-term sustainability (Ghisellini et al., 2016). Thus, circular sup-
ply chains have become a blooming and important focal point for both researchers and
industry practitioners to consider circular economy principles adaption in supply chain

operations (Govindan & Hasanagic, 2018).

Supplier selection (SS) plays a key role in SC processes which contributes to adapting
circular economy principles in the supply chain processes as choosing suppliers that pri-
oritize the sustainability practices enables a transition towards circular supply chains
where materials are reused, remanufactured or recycled. The sustainability, and effi-
ciency of the whole SC are relying heavily on the supplier election process (Rezaei et al.,
2016). In most of the cases, cost, quality, and delivery reliability are often prioritized as
the selection criteria in the traditional SS process (Ho et al., 2010). However, since indus-
tries are now shifting towards circular supply chains, the existing traditional supplier se-
lection approaches needs a refinement. This refinement should incorporate additional
supplier selection criteria in the supplier selection processes, such as environmental per-
formance, industry 4.0, the ability to recover and reuse materials, and product life cycle

management (Jabbour et al., 2019). This shift necessitates innovative supplier selection



10

and decision-making frameworks that can address the CE principles in modern complex

SC processes (Govindan et al., 2020).

In the process of SS, assessing the suppliers based on several muti-dimensional criteria
introduces a complex nature into the process of selecting suppliers. To address this issue,
Multi-criteria decision-making (MCDM) techniques are being applied in the process of
selecting supplier and aids the decision-making process (Velasquez & Hester, 2013).
There are several MCDM techniques that are available in practice including the Best-
Worst Method (BWM), Analytic Hierarchy Process (AHP), and Technique for Order Pref-
erence by Similarity to the Ideal Solution (TOPSIS) (Govindan & Sivakumar, 2016). Yet,
the most prominent among these is the TOPSIS method because of its simplicity in com-
putation, ease, and ranking of other selections based on their distance to a solution
which is ideal (Hwang & Yoon, 1981). Despite the popularity of the TOPSIS framework,
there are some limitations of this framework when dealing with high-dimensional, dy-
namic, uncertain, and large data environments (Behzadian et al., 2012). In circular supply
chains, when selecting feasible suppliers, these supplier selection frameworks often
must deal with high-dimensional and dynamic data environments. Therefore, to over-
come this challenge, integrating emerging technologies like Machine Learning (ML) with
TOPSIS enhances the process of selecting suppliers and its decision-making (DM) process
to surmount these limitations and enable the decision-making process to be more effec-

tive (Li et al., 2021).

Machine Learning is a powerful technology with tremendous potential in handling large
and intricate sets of data, identifying patterns, and draw predictive conclusions (Choi et
al., 2018). Machine learning functionalities are extremely useful in decision-making pro-
cess of supply chains. During the utilization of TOPSIS method, machine learning may be
employed to assist in criteria weighting, data normalization, and sensitivity analysis
which are the most important components of the TOPSIS method (Kamble et al., 2020).
Further, ML-based supplier selection models possess the ability to adjust to dynamic

supplier performance changes along with changing environmental regulations that allow
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the supplier selection model to be dynamic and pertinent over time (Papadopoulos et
al., 2017). Thus, the decision-makers can achieve more accurate, effective, and sustain-
able outcomes through the integration of ML with adaptive and predictive capabilities,
and the structured approach of TOPSIS (Govindan et al., 2020). Most importantly, the
integration of ML into MCDM models is particularly significant in circular supply chains
since the decision-making process of these supply chains is often complex in nature
(Kusi-Sarpong et al., 2019). Selecting the suppliers for circular supply chains requires a
comprehensive assessment of suppliers’ capabilities to evaluate the recycling, remanu-
facturing, and material recovery aspects (Ghisellini et al., 2016). However, the traditional
supplier selection approaches often fail to address multidimensional requirements (Go-
vindan & Hasanagic, 2018). Thus, the ML-enhanced MCDM frameworks can address
these limitations and fill this gap by analyzing diverse datasets including supplier inno-
vation capacity, environmental impact metrics, and compliance with circular economy
principles (Jabbour et al., 2019). Thus, the incorporation of ML within the MCDM models
improves the DM process and also streamlines the activities of supply chains aiding the

adaption of CE principles.

Additionally, the external pressures due to regulation necessities, competitiveness, and
customers' demand for sustainable products propel the industries to adopt CE principles
in their supply chains. However, these pressures compel organizations to use more so-
phisticated techniques and tools to evaluate suppliers effectively in the context of CSCs
(Kamble et al., 2020). Hence, the integrated ML-TOPSIS framework addresses this need
by providing a sophisticated, systematic, scalable, and data-driven approach to select
suppliers, that is tailored to adapt circular economy principles in the process of selecting

suppliers (Govindan et al., 2020).

This research intends to analyse the incorporation of ML into the TOPSIS model for cir-
cular supply chain supplier selection with a view to theoretical as well as practical con-
tributions in the area of supply chain management. The research is an extension of the

current literature on MCDM, ML, and circular supply chains while addressing the said
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gaps concerning the utilization of such technologies in the case of supplier selection in
real-case applications. Hence, the study aims to provide a robust, scalable, data-driven
supplier selection framework for the decision-makers to enhance sustainability and effi-
ciency in circular supply chains by aligning theoretical insight with practical applications
contributing to the transformation of supply chains which are focusing on circular econ-

omy and sustainability.

1.2 Statement of the Problem

The transformation towards circular supply chains (CSCs) is in full swing and gained pace
in recent years with increased environmental concerns, compliance requirements, and
lack of availability of resources (Mangla et al., 2018). A key difference between tradi-
tional and circular supply chains are in terms of its purpose, with CSCs striving towards
closing down loops of materials through reuse, remanufacturing, and recycling to con-
tribute towards sustainability (Jakhar et al., 2019). In CSCs, the process of selecting sup-
pliers, however, is a multi-dimensional issue with complex factors and complex infor-
mation (Schroeder et al., 2018). The process of selecting suppliers in CSCs, not only con-
siders conventional criteria but also considers the environmental as well as social dimen-

sions (Govindan et al., 2019).

In the DM process of selecting suppliers, many traditional MCDM methods such as Best
Worst Method, TOPSIS and AHP are used (Senthil et al., 2014). Among them, TOPSIS is
popular among decision-makers due to its simple nature (Azadeh et al., 2016). Nonethe-
less, the traditional TOPSIS model is beset with processing large, complex, and multi-
dimensional data and processing decision factors' dynamic and non-linear behavior in
CSCs (Ahmadi & Amin, 2019). Yet, when TOPSIS is compared with other methods such
as AHP and Best Worst Method, it is less biased as it relies on objective computation
whereas both AHP and BWM involves subjective comparison and subjective identifica-

tion respectively (Govindan et al., 2019).
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Through technological advancement, ML techniques have attained a high capacity for
handling big data, recognizing patterns, and forecasting them (Wei & Zhou, 2023). There-
fore, when ML techniques are incorporated into MCDM tools such, models enhance the
decision function by handling historical data, eliminating subjectivity, and improving ac-

curacy (Ghassemi et al., 2018).

Nonetheless, when considering academic studies, integration between ML and TOPSIS
for CSCs' sustainable suppliers is not yet a commonly researched topic (Kusi-Sarpong et
al., 2023). Therefore, a vacuum arises for researching a significant issue: How can Ma-
chine Learning (ML) and TOPSIS effectively integrate with circular supply chain practice
for efficient sustainable supplier selection and decision-making? Therefore, such an is-
sue can be addressed through an emerging framework in an effort to address CSCs' spe-
cific needs such as multi-dimensional and dynamic processing, complex assessment, and

compatibility with sustainability goals.

1.3 Research Objectives

The study has three main research objectives such as:

RO1: Using Machine Learning Techniques to optimize supplier evaluation and enhance-

ment of decision-making in CSCs.

RO2: Investing the impact on accuracy, and efficiency of sustainable ranking of suppliers

with the impact of the ML-Integrated TOPSIS Framework.

RO3: Developing a ML-integrated TOPSIS Framework with the intention of aligning sup-

plier selection with circular economy principles.

By achieving the above three objectives, this study provides a comprehensive framework

to select suppliers sustainably and reliably.
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1.4 Research Questions

This research work aims to integrate ML and TOPSIS in circular supply chains for effective
and efficient selection decisions of suppliers in a sustainable direction. Thus, the prob-

lem under investigation is tackled through the three following research questions.

RQ1: How can improvement in evaluation and decision in circular supply chains for a

supplier selection be achieved through Machine Learning techniques?

RQ2: How can the accuracy and efficiency in a sustainable supplier selection be affected

by an ML-Integrated TOPSIS Model?

RQ3: How can ML-Integrated TOPSIS Model combine circular economy values with se-

lection?

Therefore, addressing these research questions offers an insightful understanding of
practical applications of ML and TOPSIS approaches in CSCs from both theoretical and

industry practice viewpoints.

1.5 Significance of the Study

The contribution of this research is found in the fact that it adds on the current
knowledge of sustainable supply chain management in today’s world with the major em-
phasis on circular economy supply chains. That is why it occurs that SS is a key challange
professionals face in the context of CE paradigm shift. There appears to be a lack of spe-
cific assessment criteria to apply when identifying and selecting suppliers in conven-
tional, Mass, and hybrid supply chains; this often means that the selection process de-
pends on the expert’s feelings and intuitive decisions. It brings novelty concept through
application of ML with TOPSIS technique to make a rational decision making approach

for supplier selection.
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As a result of incorporation of ML and TOPSIS metrics for the assessment of suppliers, it
becomes more accurate and efficient for suppliers’ evaluation with regards to the sus-
tainability factors which includes the environmental, economical and social factors. This
approach eliminates drawbacks inherent in the expert-based models and thus presents
a more flexible and efficient way of applying them to SS in CSCs. Furthermore, the study’
s results will be helpful especially to industries with an interest in moving to a more sus-
tainable way of operation; as the integrated ML-TOPSIS model can be used across differ-

ent fields and may help to improve the SC decision making.

Moreover, this research adds to the existing body of knowledge as it addresses a signifi-
cant research question concerning the use of MCDM techniques, sustainability, and ML
in SS. It is beneficial to academia by adding to the stock of knowledge and utility by of-
fering the specifics about the tools and techniques that can facilitate SCMs. From this
research, practitioners and industry players will be able to adopt a further comprehen-
sive model that will enhance the application of enhanced supplier choices to help in the

optimization of resource usage and the general aim of CE.

1.6 Structure of the Thesis

This paper is divided into several chapters, where the stages of the research process,
from the formulation of the topic to the choice of methods and the usage of case study,
and the final conclusion, are presented. Here is a general idea of the structure of the

text:

In this chapter, the reader will find information regarding background of the research,
purpose and objectives of the study as well as its importance. It also presents the nature
of the problem under study, the questions that the study seeks to answer and the area
of study. They all lead to a postscript where the tentative structure of the thesis is de-

scribed.
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This chapter discusses existing literature on SS in SSC and CSC. It also reviews different
MCDM methods, sustainability indicators, and the incorporation of ML in SCM. In this
chapter, the author also points out the research gaps in the existing literature that the

study intends to fill.

The objectives of the research study followed by the research setting and main variables
used in the research context are also outlined in this chapter. The paper describes the
integrated ML-TOPSIS model that has been adopted to make the supplier selection, with
a justified selection on the method of data collection, selecting the case study, and the
criteria adopted in the evaluation of the vendors. This analysis also presents the issues

of data preprocessing and feature importance used in the current study.

In this chapter, the authors describe the details of the case study which focuses on food
and beverage manufacturing sector. Describes how the research data would be obtained
through online questionnaires and secondary records in addition to data cleaning. The
outcome of the developed methodology, namely the ML-TOPSIS is presented and com-

pared with the conventional TOPSIS model.

This chapter explicates the research finding that were as a result of using the ML-TOPSIS
model in the study. To assess the effectiveness and accuracy of the proposed model, it
also compares this model with the conventional model of selecting the suppliers for the

organization and their outcomes and its finding for the SSCM.

The last chapter of the study is the conclusion of the findings made and implications
derived from the study highlighted in this chapter. It also provides suggestions on the
research directions and real-life application involving supplier selection for circular sup-
ply chains. The final section illustrates the limitations of the study and the possibilities

of the development of the integrated framework.
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This is done chronologically where each chapter progresses from the other to present a
coherent understanding of the research process and the role of the given study in the

development of SSCM.
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2 Literature Review

2.1 Multi-Criteria Decision Making

2.1.1 Introduction to Multi-Criteria Decision Making

The researchers and industry practitioners are using different techniques to rank, prior-
itize, and select between several preferences which are known as MCDM approaches.
These techniques provide the decision-makers with the ability to select or rank the al-
ternatives in the most suitable way (Abdulla et al., 2023). When making decisions,
MCDM techniques often end up considering criteria which are both quantitative and
gualitative. However, this makes the selection process of the alternatives more complex
and complicated to reach an agreed decision. In literature, several proposed MCDM
techniques can be found. Even though each of these approaches has the same objective
of enabling the decision-making capabilities, each of the MCDM techniques brings its

unique privileges (Badi & Kridish, 2020).

2.1.2 Studies with MCDM Techniques

There are many previous attempts to integrate a number of technologies and techniques
with several MCDM methods practically in various sectors of industry. Over the years,
integrating MCDM with other strategies like Fuzzy Logic and Machine learning and algo-
rithms has been of much interest in the supplier evaluation and selection field. Prior
studies have mainly dealt with integrating various MCDM techniques to build the models
that act like frameworks in the selection of the supplier. For instance, Orji and Wei (2014)
proposed an approach TOPSIS and FEDEMATEL for selecting sustainable supplier for a
Chinese gear manufacturing company. This was a good strategy that fitted the criterion

of sustainability into the purchasing process.

According to the studies conducted so far, several studies were presented by Kaushik et
al. (2020) that applies hybrid of VIKOR and BWM for supplier selection. In their case

study done in online retail of fashion apparels, they found 38 initial selection criteria
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from which some important factors like flexibility in order management, return policy,
Just in time delivery, technical compliance, flexibility in billing, etc. were select as final

criteria for SS.

In a study conducted for a steel producing company, Badi and Pamucar (2020) developed
the mixed hybrid of Grey theory with the MARCOS approach for supplier selection. In
the study, a comparative analysis was made to show the comparison on the effectiveness
of the integrated approach. This is also evidenced by Chattopadhyay et al (2020) work
whereby the authors have used the MARCOS method integrated with the D numbers to
assess raw material suppliers in the manufacturing of steel. This made it possible for the
evaluation of the suppliers in relation to D numbers with the general objective of ranking

the suppliers properly.

In recent times, combining machine learning with traditional MCDM methods has be-
come increasingly popular for addressing the SS problem. In the work of Harikrishna-
kumar et al. (2019), the authors decided to use the Naive Bayes and SVM techniques of
supervised ML to assess the suppliers within the petrochemical industry. Enterprises ap-
plying this paper’s case study were able to experience a 15% improvement compared to
traditional MCDM methods. In another study, Sasaki and Sakata (2021) used Bayesian
networks to forecast the supplier, and performed causality analysis of the supply chain
network. Among ML methods, Random Forests and Logistic Regression as well as SVM
were used for business partner selection with Random Forests achieving the best assess-

ment.

Cheng et al., (2020) combined the various MCDM techniques with ML algorithms for
supplier assessment. In their approach, they employed TOPSIS and DEA to give labels to
the suppliers; secondly, SVM model was used to categorise unseen new suppliers. In an
electronics and automation manufacturing company, use of this framework allowed the

professionals to uncover unknown suppliers to improve supplier choice.
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2.2 Machine Learning and Classifications

Several ML algorithms exist which can be utilized for classification in different tasks and
executions. Among those ML algorithms, decision trees, extremely randomized trees,
random forests, and gradient boosting through CatBoost are heavily used for classifica-
tions. Decision trees can be described as one of the most extremely versatile ML algo-
rithms which is heavily used in classification, multioutput tasks, and regression problems.
This algorithm can incorporate complex datasets and also inherently possesses the un-
derstandability of a tree structure (Charbuty & Abdulazeez, 2021a). A typical tree struc-
ture in a decision tree consists with decision nodes. These nodes are in a recursive struc-

ture in as shown in Figure 1.

v | v

Decision Node  Sub- . Decision Node
Tree |
¥ % l
Leaf Node Leaf Node Decision Node Leaf Mode

\ \

Leaf Node Leaf Node

Figure 1.Typical decision tree structure (Charbuty & Abdulazeez, 2021b).

At each decision node, based on the pre-specified criteria and the nature of variables
(whether the variables are quantitative or quantitative), the decision to split is deter-
mined. The aim of this splitting is to improve the homogeneity using Information Gain
or Gini Impurity metrics. The final selection is done when the leaf nodes are reached

which is the class which has the most of the samples remaining.
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Random forest is combination of multiple decision trees and this method is effective and
simple ML algorithm. In the RF, the foundation is the training of several decision tree
algorithms which is specifically done based on a specific random subset. Finally, these

outcomes are combined, which is often done through a majority voting process.

Additionally, the extremely randomized trees are an expansion of the core concept of
random forests, and these are commonly known as Extra Trees which provide a further
expanded and more computationally efficient ensemble learning method (Geurts et al.,
2006). Extra Trees use a conventional top-down process, in order to create regression
trees. Moreover, same as random forests, each base estimator is trained based on a spe-
cific random subset. However, in Extra Trees, a random selection is done in selecting the
best feature and matching value to split the node (Ahmad et al., 2018). However, while
splitting logic is simple, it also weakens the resistance of the algorithm to the noises.
However, even though many categorization techniques exist, those differ in their accu-
racy and efficacy and many studies can be found that have been conducted to optimize

them (Saha et al., 2022).

Another ensemble learning technique that is frequently connected to trees is gradient-
boosting (Friedman, 2001). However, this technique is also similar to random forests and
extra trees as an ensemble technique in the aspect where it generates several models
and then integrates their outputs. However, the uniqueness of this technique is that
those models are created iteratively to minimize the loss function at each stage. When
the categorical features are presented in the dataset, the CatBoost framework can be
used (Prokhorenkova et al., 2018). In this framework, a random permutation is used in

arranging the training data where the ordered boosting is implemented.
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2.3 Supply Chain Management & Supplier Selection

2.3.1 Supply Chain Management (SCM)

SC acts as a bridge between process, flows and stakeholders and it is considered as one
of key activities in the organizations (Granlund & Wiktorsson, 2014). Christopher (2016)
defines SCM as the strategic coordination of activities or tasks among the company or
the business having the focus on improving long term performance both in supply chain
and in the business as a whole. Effective SCM is critical to those organizations that would
like to be competitive, reduce costs, enhance the quality of their outputs (Lambert et al.,
1998). SCM uses activities like sourcing and procurement, conversion, and logistics man-
agement to facilitate the effective flow of materials, information, and funds. Integration
assists organizations to ensure customers' orders are fulfilled within time and make them
competitive in the marketplace. In short, efficient SCM is critical for businesses to oper-

ate effectively, fulfil customers' needs, and have sustained success.

2.3.2 Supplier Selection

A key activity of the SC is the supplier selection. This decision-making process enables
an organization to lower costs, mitigate risks, and enhance the quality of its outputs
(Feng & Zhang, 2017). SS is a responsibility of the procurement function of any company
(Giunipero et al., 2012) and this aids in determining the overall supplier performance of
suppliers and acts as the driving force behind it (S. A. Khan et al., 2018). However, with
the external pressure to drive business towards sustainability, the organizations try to
consider environmental, social, and economic, criteria in the process of selecting right
suppliers (S. A. Khan et al., 2018). Similarly, since the circular economy concept is emerg-
ing to transform waste into resources, this objective also can be achieved by focusing on

environmental and socio-economic criteria in supplier selection (Witjes & Lozano, 2016).
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2.3.3 Supplier Selection Process and Techniques

The managers and industry leaders consider supplier selection as a decision-making pro-
cess to sustain a competitive edge in the market (Bai & Sarkis, 2010). The supplier selec-
tion has four main stages including defining the problem, defining the selection criteria,
determining the competency of the suppliers and identifying their potential, and the
final selection. Thus, it is important ensure the accuracy of the first three stages as the
quality of the final selection heavily reilies on outputs of first three stages (De Boer et

al., 2001).

As noted by J. Chai et al. (2013), the various techniques for decision making can be cat-
egorized in three main categories, namely the MCDM methods, mathematical program-
ming techniques as well as artificial intelligence. Some methods of conducting MCDM
include AJP, ELECTRE (;Elim-illation et Choice Translating Reality,), ANP, TOPSIS, VIKOR,
PROMETHEE, SMART, DEMATEL among them. In the mathematical programming tech-
niques, it is involved linear programming, stochastic programming, multi-objective pro-
gramming, non-liner programming, and also DEA. The last method of supplier selection
procedure is artificial intelligence, which comes under four types such as genetic algo-

rithm, machine learning algorithm, and neural network.

2.4 Sustainable supplier selection (SSC)

The SSC is a supplier selection and evaluation regarding aspects that encompass eco-
nomic, social, and environmental dynamics (Govindan et al., 2015). Selected suppliers
need to fulfil the organization’s sustainability goals and promote good practices (Kannan,
2018). The objective is to connect sustainability with the supply chain, enhancing resili-

ence and enabling sustainable development (Seuring & Miiller, 2008).

2.4.1 Sustainable supplier selection criteria with their descriptions

Table 1 illustrates the explanations of the most commonly used sustainable SS criteria.
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Table 1. Explanations of sustainable SC criteria.

Criteria Dimension Evaluation Criteria | Description
Number
1 Environmental | Green manage- | The potential of organizations to
ment improve environmental perfor-
mance and management
2 Green Manufactu- | Minimizing the usage of energy in
ring the production
3 Green design Using eco-friendly designs
4 Environment ma- | The planning and implementing
nagement system structure of environmental poli-
cies by suppliers to protect the en-
vironment
5 Green packing and | Taking environmental considera-
labeling tions into account in the packing
and labeling activities
6 Green R&D Supplier’s ability in investing in
clean and green technologies,
practices, and methods in their re-
search and development efforts
7 Waste manage- | Minimizing the wastage in the pro-
ment and pollution | duction reducing the environmen-
prevention tal pollution
8 Environmental The potential of suppliers to use
competencies eco-friendly materials, clean en-
ergy, and contribute to less pollu-
tion effects
9 Environmental cost | The production is done in a man-

ner where costs and damages to

the environment are minimized
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10 Economic Profit on product Earning a fair and justified profit
from the product
11 Price of product Supplying the product at a reason-
able price
12 Flexibility The capability of suppliers to han-
dle the variations in the market
13 Lead time Ensuring the product is delivered
at the lead time
14 Cost of Transporta- | Shipping the products at a mini-
tion mum transportation cost
15 Quality of product | Supplying the products with good
quality level
16 Delivery and Ser- | Ensuring the delivery and service
vice of product
17 Technological and | The capability of suppliers in the
Financial Capability | technological and financial aspects
18 Production facili- | Having the optimal production ca-
ties and capacity pacities and facilities to produce
the product
19 Social The rights of stake- | Ensuring the moral of sense of pro-
holders tecting the rights of society in the
business
20 The rights of em- | Protecting the employee well-be-
ployees ing and rights by addressing the
employees’ requirements to en-
sure long-term sustain
21 Occupational Ensuring the safety, welfare, and
safety systems health of the staff
22 Information disclo- | Ensuring information transparency

sure

through making details such as
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used materials, carbon emission
levels, toxins produced, etc. availa-
ble to the stakeholders and cus-

tomers

2.4.2 Sustainable Supplier Selection and MCDM

In particular, MCDM methods can be used for selecting suppliers efficiently with regard
to sustainable criteria. For instance, Biylikozkan & Cifci (2011) applied a fuzzy-based ANP
technique to respond to the incomplete information gathered from Turkey’s white goods
industry for developing an efficient sustainable supply chain management by selecting
the best suppliers. am Respective to this policymaking, this framework took into account
several factors that were economic, environmental, and social. Likewise, Blylikozkan
(2012) recommended a fuzzy AHP-based model for SS that sorts, quality, cost, service

performance, and environmental performance, as evaluation criteria.

Freeman & Chen (2015) developed also a green supply chain supplier selection proposal
that used AHP, TOPSIS, and entropy techniques. In the context of the identified criteria,
AHP was applied in defining the weights of the criteria that consisted of green compe-
tency and environmental performance ratings and the entropy technique was incorpo-
rated to assess the importance of the criteria as well Supplier ranking was executed with
the help of the TOPSIS technique. In the same year, Darabi & Heydari decided to use
interval-valued fuzzy entropy to assess the suppliers with green supply chain factors in-
cluding cost, quality, environmental competency, delivery and technological capability.
Moreover, Fallahpour et al. (2017) provided a detailed classification of the criteria re-
lated to sustainable supplier evaluation with regard to 46 criteria based on the economic,
social, and environmental aspects. Identification of criteria for the purpose was achieved
through the Analytical Hierarchical Process (AHP) while fuzzy TOPSIS was employed to

rank the top ten suppliers.
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Goren (2018) developed a sustainable supplier selection model where the DE-MATEL
approach was used to assess the importance of criteria and the Taguchi simulation for
evaluating the suppliers. This framework included ER Scope, Environment, Em-
ployee,and Ecoproduct initiatives and addressed Environmental, Social and Economic
aspects based on the type of consumption of an online retailer business in Canada. Guar-
nieri & Trojan (2019) proposed the approach for selecting the ethical and sustainable
suppliers for the textile industry by categorizing the criteria through ELECTRE-TRI com-
bined with AHP considering the weights. Finally, Li et al. (2019) developed a novel rough
cloud TOPSIS model for sustainable SS under uncertain environment and then tested it

in a state-owned energy company of China.

2.4.3 Recent studies about sustainable SS in different industries

According to the comprehensive literature review, it can be identified that the green/sus-
tainable supplier selection criteria and methods depend on the industry and the studied
case. Thus, Table 2 illustrates the summary of the recent studies about sustainable sup-
plier selection in different industries including used methods, and criteria for the selec-

tion.

Table 2. Summary of the recent studies about sustainable SS (source: author).

Authors Methods | Economic Environmen- | Social Industry

tal

(Awasthi et | Fuzzy VI- | Quality, flexi- | Energy water, | Labor prac- | Electronic

al., 2018) KOR, AHP | bility, speed, | biodiversity, tices, soci- | goods ma-

cost, innova- | emissions, ety, human | nufacturing
tiveness, de- | materials rights, industry
pendability product re-

sponsibility
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(Azimifard
et al.,

2018)

TOPSIS

and AHP

Distance

CO2 emissi-

ons, water

consumption

Number of

employees

Steel in-

dustry

(Bai et al.,
2019)

TODIM

and Grey

BWM

Employee
training ed-
ucation,
safety man-
agement
system,
rights of
employees,
employ-
ment prac-
tices, infor-
mation dis-
closure,
contractual
stakehold-

7

ers influ-

ence

Automobile
manufactu-
ring in-

dustry

(Guarnieri
& Trojan,
2019)

ELECTRE-

TRI
AHP

and

Quality,

cost,

on time deliv-

ery,
stability,
vice

ciency,

financial

ser-
effi-

flexi-

bility, delivery

delays,

R&D

Emission con-
trol, eco-
friendly pack-
aging, reverse
logistics,
waste man-
agement,

green image,

Public dis-
closure, hu-
man rights,
manage-

ment skills,
certifica-

tions, phi-

lanthropy,

Textile in-

dustry
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level, produc- | environmen- | legal com-
tion capacity | tal manage- | pliance
ment
(Lo et al., | Fuzzy Innovation Green logis- | - Electronics
2018) TOPSIS, capability, tics, green company
BWM flexibility, manufactur-
product qual- | ing, environ-
ity, financial | mental per-
stability formance
(Abdel-Ba- | VIKOR, Transporta- Green manu- | Ethical is- | Importing
set et al.,, | ANP tion cost, | facturing, sues and le- | industry
2019) cost, revenue | trash  man- | gal compli-
agement, ance, voca-
green packing | tional
health and
safety sys-
tem
(Li et al., | Rough Ontime deliv- | Green logis- | Philan- State-
2019) cloud ery, flexibility, | tics, green | thropy, em- | owned
TOPSIS cost, quality | purchasing. ployee energy com-
Green devel- | rights, pany
opment, health and

green produc-
tion, green

design

safety, fight
for fair trad-
ing and cor-
ruption, hu-

man rights
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(S. A. Khan | Fuzzy in- | Service relia- | Resource con- | Health and | Automobile
et al., | ference bility, finan- | sumption, en- | safety, em- | manufactu-
2018) system, cial capability, | vironmental ployee ring com-
Fuzzy cost, quality | management | rights, so- | pany
Shannon system, cial  com-
entropy cleaner tech- | mitment,
nology availa- | employ-
bility, eco- | ment prac-
friendly mate- | tice
rial, recycled
material
(Pishchulov | Voting Financial ca- | Waste man- | Occupa- Wood in-
et al., | AHP pability, tech- | agement, wa- | tional dustry
2019) nical capacity, | ter usage, en- | health and
delivery, vironmental safety, so-
quality, re- | management, | cial man-
sponsiveness, | energy con- | agement,
logistics and | sumption, diversity,
production, material con- | training,
management | sumption, en- | working
vironmental hours and
commitment, | wages, em-
environmen- | ployment
tal  product | relation-
performance | ship, soci-
ety social
commit-

ment
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2.5 Circular economy & Circular Supply Chain Management

Circulate economy is an economic strategy of using all the resources without disposal in
a manner that enables their repetitive usage. The conventional model is the linear econ-
omy where the use of resources is “take-make-dispose.” On the other hand, CE uses
“make-use-use” approach. In this regard, the input or waste stream is returned back into
the supply chain operations by recycling, reusing, refurbishing or remanufacturing pro-
cesses to form a closed loop with the help of value restoration and managing the adverse

impacts (Yang et al., 2018).

In CSCM, various methods of the CE are utilized. It also establishes the closed-loop cycles
whereby the entity should be useful for reuse, remanufacturing or recycling. It is done
by focusing on reduction of waste, conservation of resources and sustainability (Batista
et al., 2018). SCM in circular economy requires cooperation from the suppliers, manu-

facturer all the way to the customers.

2.5.1 SS Problem in CSC

To tackle the supplier selection challenge in CSC, a number of scholars have developed
standards and models. A strong hybrid MCDM framework that was deployed by Senthil
et al. (2014) for selecting contractors. Accordingly, the rank of the contractors was es-
tablished by applying fuzzy TOPSIS technique, while the weight of the criteria was eval-
uated by applying the AHP technique. Another model which combines between MCDM
was proposed by Azadeh et al. (2016) in an effort to solve the supplier selection problem
in closed-loop supply chain with the help of Taguchi and DEA. In this approach the au-
thors have also used five criteria namely cost, product capability, service, delivery time
and technology for selection criteria. Ref [34] discussed the network design and the sup-
plier selection in the closed-loop CSC. The three attributes that the authors of the study
used in the SC and supplier selection include lean, environmental, and agile. Based on
AHP, a rating was then made of the various vendors to be considered for partnership

with the outsourcing firm.
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Ahmadi and Amin (2019) also proposed a fuzzy theory based MCDM to evaluate differ-
ent suppliers in mobile phone industry’s closed loop CSC. In the supplier selec-tion prob-
lem, the authors included the following: Durability, Recyclability, Market Credibility, de-
sign requirement, Performance capability, energy consumption, process safety, Lead
time, Reject rate, and the Cost of materials as the Supplier selection criteria. Yet, a com-
prehensive concept of selecting the suppliers in the reverse SC was put forward by de-
veloping a fuzzy TOPSIS, fuzzy AHP, and mathematical model as mentioned in the paper
of Govindan et al. (2019). In the SS evaluation, the authors integrated all the three eco-
nomic, social, and environmental aspects in the supplier selection criteria and then fi-

nally developed the proposed frame-work among the electronic industry.

2.5.2 Sustainable SS Problem in CSC

Many studies have investigated the problem of SS within the context of circular, green
and SSC by exploring the criteria and approaches appropriate for their selection. Sup-
plier selection as a domain has shifted to CSC, and this has taken several studies with it.
These changes are conscious and can be attributed to the global concerns on resource
optimization, economies of utilization and line with the circular economy concepts. In
the area of supplier knowledge, it is possible to distinguish three types of references:
green and sustainable supplier selection, general supplier selection of the SCM and

SSCM.

The latter of research dealing with sustainable SS in the realm of CSC has not, thus, been
much explored; therefore, suggesting a research gap. It will therefore provide a research
opportunity in determining the most suitable sustainable supply chain strategies for
CSCs in term of supplier selection. Therefore, this research will measure supplier selec-

tion in as a respect of SSCM as a means of catering to the above identified need.

To this end, Kusi-Sarpong et al. (2023) made a historical contribution to the course of the

CSC theoretical advancement by presenting a framework for the evaluation of vendor
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sustainability through the two methodologies of BWM and VIKOR. The study also deter-
mined the important weights with the help of Best Worst Method (BWM) followed by
the ranking of the providers by VIKOR. To achieve the above mentioned research objec-
tives, the following research methodology was used to evaluate the sustainability of sup-
pliers in the context of textile manufacturing sector. It was found that the completeness
of the framework was around 75%, and the investigating team observed that differences
in the details provided by the matched pair of comparisons for the experts in different
topics were very common. Additionally, this framework did not include factors concern-
ing the selection in economic, social, sustainability aspects that are significant to the

processes of CSC procedures.

Based on the above-mentioned restriction, Kusi-Sarpong et al. (2023) purposively devel-
oped an integrated methodology using interval-valued VIKOR and fuzzy BWM for SS in
SCM with the consideration of SDG goals. This was illustrated by the wire and cable
business with demonstration on how the methodology of this solution is put into prac-
tice. The new idea aims at providing better solution toward integrating sustainable de-
cisions in specific economic, social and environmental contexts to the buying firm as well

as improving SS decisions within CSC.

However, the author of the report agreed that the current state has poor understanding
regarding the true concept of sustainable SS for the management of CSC which caused
the need for further research to develop managerial frameworks to address the other
issues that were identified. This study intends to fulfil this gap by assessing and improv-

ing the SS management in the CSC context and by incorporating sustainability aspects.

2.5.3 SS Criteria for CSCs

SSis indeed a critical aspect that encompasses multiple factors that are sometimes com-
plementary and sometimes non-mutually exclusive. Thus, this process highly depends

on the choice criteria and the analysed business environment. Thus, in most cases the
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criteria for selecting suppliers are typically distinguished as the economic and non-eco-
nomic. Moreover, according to the type of the problem deals with, there are many cat-
egories of the SS criteria addressed in the literature. In the current circumstances of the
development of CSC, there are many studies and industry specialists distinguish three
primary categories of supplier selection criteria: social, economic, and circular (Tavana

et al., 2023).

2.5.3.1 Economic Criteria for SS

Product costs are heavily influenced by purchasing costs, and the purchasing function
significantly raises overall production costs. The purchasing team and organizations con-
sider selecting suppliers who provide at a lower price so that the operational cost can be
reduced (Wu et al., 2021). Therefore, one of the most crucial economic factors taken into
account throughout the supplier selection process is cost, which can take many various
forms and fall into several categories including price, operational costs, product cost,
cost of logistics services, and transportation costs. Moreover, in the context of economic
criteria, the cost is not the only supplier selection criteria, but also there are several
other economic aspects such as on-time delivery, risk and quality (N. Chai et al., 2023).
Table 3 illustrates the criteria for supplier selection considering the economic dimen-

sions in different industries.

Table 3. SS criteria for economic dimensions.

Industry Economic Criteria Authors
Manufacturing Financial Capability, Quality, Cost | (Orji & Ojadi, 2021)
Food Delivery Flexibility, Cost, Quality, | (Fallahpour et al., 2021)

Financial Stability

Banking Quality, Financial Capability (Ojadi et al., 2023)

Petrochemical Cost, On-time Delivery, Financial | (Alavi et al., 2021a)

Capability, R&D
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Aerospace & Defense | Cost, Delivery, Quality, Financial | (Rasmussen et al., 2023)

Industry Stability

Mining Quality, Innovation, Financial Ca- | (Ortiz-Barrios et al.,
pability, Service Level 2021)

Electric Vehicle Cost, Quality, Price, Service (Wei & Zhou, 2023)

Oil Refinery Quality, Delivery Reliability, Sup- | (Hailiang et al., 2023)
ply Capacity, Price, Service

2.5.3.2 Criteria for Circular SS

The government and outside parties are putting a lot of pressure on supply chains these
days to transition to circular supply networks that promote sustainability. Thus, the first
step of shifting towards circular supply chains requires selecting and collaborating with
green and sustainable suppliers. Sustainable suppliers are different from traditional sup-
pliers as they significantly consider the environmental factors in their supply chains in-
cluding manufacturing, packaging, designing, and distributing products. As the circular
economy concept emerged, the industries moved their environmental activities focusing
on zero waste concepts. According to the literature review, some of the commonly uti-
lized circular criteria in the supplier selection process are pollution controls, environ-
mental management systems, green technology, and sustainable packaging. According
to the literature, the first research to consider the circular economy concept and circular
criteria in supplier selection problems was (Kannan et al., 2020). Table 4 illustrates the

criteria for supplier selection considering the circular dimensions in different industries.

Table 4. SS criteria for circular dimensions.

Industry Circular Criteria Authors

Petrochemical Using recyclable raw materials, re- | (Alavi et al., 2021b)
ducing air pollution through produc-

tion, waste management, utilizing
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clean and green technology, an en-
vironmental management system,
eco-friendly packaging, and compli-
ance with environmental regula-

tions and standards

Automotive

Using green and clean technology,
recycling, reuse, green R&D, green
packaging, reducing carbon emis-
sions, having environmental certifi-

cation, eco-friendly parts

(febGovindan et al., 2020a)

Textile

CE favorable policies, top manage-
ment dedication towards CE, sus-
tainable product life cycle manage-
ment, organizational culture to-
wards CE, using recyclable raw ma-
terials, eco-friendly packaging, reus-

ing products

(Nasr et al., 2021)

Manufacturing

Green products and technology, pol-
lution control, environmental man-
agement system, using recyclable

and eco-friendly materials

(Liu et al., 2022)

Oil Refinery

Pollution control, environmental
management system, green tech-

nology, energy conversation

(Hailiang et al., 2023)

Construction

Environmental management sys-
tem, eco-friendly materials, green

technology, and pollution control

(Tushar et al., 2022)

E-bike Sharing

Environmental management sys-
tem, pollution control, product recy-

clability, eco-friendly design

(N. Chai et al., 2023)
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Several articles focusing on MCDM techniques in selection of suppliers have been docu-
mented in the available literature. Moreover, these MCDM techniques have been im-
proved in the situations where the integration of ML and Fuzzy logics are done with the
MCDM techniques. The use of ML and the TOPSIS technique in supplier selection in CSCs
is still a relatively unexplored area in literature even though there has been a discussion
on MCDM Techniques like AHP and TOPSIS for SS. Although some other researchers have
tried to integrate Fuzzy Logic and ML into such methods (Azadeh et al., 2016), to the best
of our knowledge, no prior works have focused on the exact application of ML and TOP-

SIS in the context of CSC.

The purpose of this current study is to bridge this gap by integrating capability of ML to
tackle a large and complex datasets with the best traditional TOPSIS method to offer a
framework that will complete the CSCs supplier selection system. Also, this research
counts for the growing trend of publications on sustainability and CSCs with an interdis-
ciplinary approach on how the latest technologies can be utilized for addressing the is-

sues of supplier selection in CSCs.
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3 Methodology

3.1 Research Design

There are four primary stages to this study's research design. These four main stages aids
in understanding the supplier selection criteria through literature, collecting data, devel-
oping the ML-integrated TOPSIS model and then evaluate the collected data. Figure 2

illustrates the overview of the research design of this study.

Stage 04: Evaluation of
Case Study

Data Collection

Stage 03: Development

of ML-TOPSIS
Framework for Supplier

Stage 01: Literature Review Selection
& Background Research

Stage 02: Case Study Selection & @

Figure 2. Overview of research design.

e Stage 01: Literature Review and Background Research This step's objective is to
determine the SS criteria for CSCs and use of TOPSIS framework in the supplier

selection.

e Stage 02: Case Study Selection and Data Collection - This step's objectives are to
choose the case company and then gather information from the appropriate

sources.

e Stage 03: Development of ML-TOPSIS Framework for Supplier Selection- The fol-
lowing is the objective of this stage, to develop ML-TOPSIS framework in order

to analyze the data collected from the research.
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e Stage 04: Evaluation of Case Study - This step's objective is to assess the gathered
data using the TOPSIS framework's integrated machine learning for supplier se-

lection.

Let’s discuss each stage to understand the research design and the methodology of this

research study in depth.

3.2 Stage 01 - Literature Review and Background Research

This phase of the research was discussed under Chapter Two — Literature Review — of
the current study. The detailed discussion in this chapter presents the factors for select-
ing the supplier for circular supply chain. It also provides an insight into a particular ap-

proach used in supplier selection, which is TOPSIS, in the domain of CSCM.

3.3 Stage 02 — Case Study Selection and Data Collection

3.3.1 Case Selection

One of the most important steps in this research is choosing an appropriate case study
to use. This will ensure that the findings are applicable and relevant to the situation at
hand. This research focuses on the development of a framework for selecting suppliers
in CSCs that incorporates Machine Learning (ML) and the TOPSIS method. A real-world
setting is provided by the case study that was selected for the purpose of evaluating the

practicability and applicability of this framework.

3.3.2 Description of the case company

This study focuses on circular supply chains with an emphasis on sustainability and re-
source efficiency. The selected case company is in the food and beverage industry, which

is relevant to the study because it discusses circular supply chains. The practices of CSCM
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have been implemented by this multinational organization, which also has a vast inter-
national network. Due to the fact that the company employs environmentally friendly
packaging, recyclability, waste reduction, and sustainable sourcing practices, it is an ex-
cellent candidate for the investigation of advanced supplier selection strategies. The
study’s focus is to investigate the incorporation of ML and TOPSIS in CSCs, which are in

line with the principles of a CE.

The case company operates in a market that is highly competitive, and the effectiveness
of the suppliers that it chooses to work with has a significant impact on the market po-
sitioning that it achieves. As a result, SS is of the utmost importance in order to guaran-
tee cost-effective suppliers who are able to fulfill the quality standards and sustainability
requirements of the company. The findings of this study can be generalized to other or-
ganizations that have operating environments that are comparable to those of the com-
pany, despite the fact that the identity of the company is kept confidential in order to
protect sensitive information. The case study helps to shed light on real-world challenges
associated with supplier selection in CSCs and demonstrates how ML and TOPSIS can
improve DM in this area. It is anticipated that the findings will close the gaps that have

been identified in both the existing literature and the practices of the industry.

3.3.3 Data Collection Methods

This is an important part of this investigation because it is the means by which the re-
cently developed TOPSIS-ML model for supplier selection in circular supply chains is eval-
uated in terms of its quality and effectiveness. The data that will be used in this study
will be carefully selected to ensure that they are of the highest possible quality and ap-
propriateness, which will ultimately result in a reliable analysis. This will help to reduce
the likelihood of confounding variables occurring in the study. Increasing the generality
of the findings and, as a result, more accurately evaluating the supplier selection will be
accomplished through the utilization of both primary and secondary data gathering

techniques. This will allow for the maximum amount of information to be obtained.
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3.3.3.1 Primary Data Collection Method

This data is gathered by means of an online questionnaire that is directed towards pro-
curement and sourcing professionals working for the case company. The purpose of the
questionnaire (Appendix 1) is to collect information related to the manner in which these
professionals prioritize different supplier selection criteria when selecting the suppliers
who are the most suitable for CSCs. The data that was collected is analyzed using regres-
sion analyses, which are carried out in Google Colab using Python (Appendices 3 to 6).
These analyses are used to identify patterns and correlations in the data. The specifics

of the data that was gathered are elaborated upon in greater detail in Section 4.2.

3.3.3.2 Secondary Data Collection Method

This data is collected from the system records of the company that is being investigated.
The information that is included here pertains to evaluations, proposals from suppliers,
and parameters for making decisions. Within Section 4.1, the specifics of these second-

ary data are broken down and explained.

Cross-referencing of multiple data sources is performed, and ethical considerations, such
as confidentiality agreements, are adhered to in a stringent manner, in order to guaran-

tee the dependability and safety of the data.

The collection of data is carried out in a methodical and multifaceted manner, which
guarantees that all pertinent aspects of the supplier selection process are taken into
consideration. It is through the incorporation of a wide variety of data sources that the
findings are strengthened, which ultimately results in valuable insights and recommen-
dations for the management of sustainable supply chains. Gaining these insights will as-
sist in the development of a framework for DM that is driven by data and has the poten-

tial to optimize supplier selection strategies across a variety of industries.
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3.4 Stage 03 —Development of ML-integrated TOPSIS Framework for Sup-

plier Selection

In this stage, the ML-integrated TOPSIS framework for supplier selection of circular sup-
ply chains is developed. Figure 4, illustrates the framework of the ML-integrated TOPSIS

model for supplier selection.

| Data Collection

v

Data Merging i

h 4

Data Preprocessing

_______________________________________________________________

Bl Tnteg mted TOPSIS
Framewotk

_______________________________________________________________________________________

Figure 3. Framework of the ML-integrated TOPSIS model.

In this stage, the framework for selecting suppliers in CSCs is developed by incorporating
the techniques of machine learning and the TOPSIS method. With the help of this frame-
work, the process of making informed decisions regarding the selection of suppliers is
improved substantially. In order to provide rational and data-driven decision-making
processes for the intention of evaluating and selecting suppliers, machine learning tech-
niques are utilized for the purpose of data imputation and feature importance analysis.

On the other hand, the methodology that is being implemented here is applicable to the
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majority of the operations that take place within the context of the SC, thereby enhanc-
ing the adaptability, scalability, and robustness of the applications that are used in the

industry.

3.4.1 Preparation Phase

The first step in evaluating the suppliers is the “Preparation Phase”. In this stage, the
collected data needs to be collected, cleaned and pre-processed before feeding into the
ML models and use in decision-making process. An efficient and effective preparation

process aids in a reliable dataset and analysis.

3.4.1.1 Data Collection

This is an important step in the analysis process since it ensures a comprehensive and
diverse dataset is created to evaluate the suppliers accurately. Information ema-
nates from sources such as the history of supplier performance, historical data
on the reliability of suppliers, reports with regard to compliance issues in the environ-
ment, and customer feedback. The data sources are categorized into three main dimen-
sions namely; economic, social, and environmental. These play a huge role in assessing

the performance of suppliers in a CSC context.

Economic factors may include cost-efficiency, price stability, and financial stability. Sup-
plier’s sustainability practices, such as waste reduction, energy consumption, and com-
pliance with environmental standards are a few factors included under Environmental
factors. Social factors take into account aspects such as labor conditions, ethical sourcing,
and community engagement. Both quantitative and qualitative aspects of supplier per-
formance are captured to ensure that all relevant evaluation criteria are being consid-

ered in the analysis.
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3.4.1.2 Data Merging

Data merging is important to ensure consistency in the data presentation as well as its
completeness. After 3.4.1.1 step, the data from various sources needs to be integrated
into a single data center. This involves merging datasets that come from different formats,
scales, and units. This step helps to establish a single, complete representation of each

performance across the analyzed evaluation criteria.

The different sources' attributes are matched with due care. For instance, cost data, if
from one source, must be converted to units that match those of environmental or social
data. Other merging includes the resolution of conflicts and redundancies from the da-

taset so that the integrity of the latter is maintained.

3.4.1.3 Data Pre-processing

Data preprocessing is required to ensure the data is consistent, clean, and ready for anal-
ysis. This is carried out before implementing analysis techniques. Handling missing data,
normalizing numerical attributes, and ensuring that data adheres to the required for-

mats are addressed in this stage.

Handling Missing Data - Real-world data often has the problem of missing data. Missing
values need to be addressed since it can lead to biased results. Therefore, effective im-
putation techniques are applied to fill in the missing values. The following are some tech-

niques which will be used in the data preprocessing process:

e K-Nearest Neighbors (KNN) Imputation: KNN imputation finds the k nearest data
points using the similarity of the other features and imputing the missing values
by the average of the values of those identified neighbors. It works well where

there is a correlation between features.

imputed _ 1 ok
X; =7 Di=1Xij (1)
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(Frossard et al., 2016)

Regression Imputation: Regression imputation is training a model using the fea-
tures that have complete data to predict the missing values. It uses the relation-

ships between the attributes to provide an estimate for the missing values.

inmputed — ﬁo +Z?=1Xiﬁi + € (2);

(Little & Rubin, 2019)

Mean/Median Imputation: Missing values are imputed using either the mean or
median of the available data when there are no such relationships as mentioned
above are present. This method is simple but robust, specifically in cases where

the missing data is insignificant.

Normalization - Normalization is done to bring all the different units to a single
scale. Different features could be in different measurement units such as mone-
tary units, weights, etc. Normalizing the numerical data is required to ensure that
all criteria can be compared effectively. Each feature is normalized into a scale
between 0 and 1. This ensures comparability of all the features proportionately

without biasing the results.

The normalization formula used is:

; X;i—min (X;)
Xinjormallzed — ij J (3)

max (X;j)—min(X ;)

(Ali, 2022)
X;; represents the original data value for criterion Cj for supplier Ai

min (X;) and max (X;) are the minimum and maximum values for criterion Cj



46

3.4.2 ML-Integrated TOPSIS Framework

The next step in the methodology is the integration of ML techniques with the TOPSIS
framework for supplier evaluation. Defining evaluation criteria is the starting point of
this phase followed by feature importance analysis, weight assignment, and finally the

application of the TOPSIS method for ranking suppliers.

3.4.2.1 Criteria Definition

The criteria are selected so that they are aligned with the specific goals of a circular sup-
ply chain. Sustainability, cost-efficiency, and social responsibility are critical factors. The
criteria will encompass a mix of factors that measure various dimensions of performance

by a supplier.

The categories may include economic ones, such as total cost, delivery time, or price
stability; environmental ones, like carbon emissions, waste management practices, or
compliance with eco-friendly regulations; or social ones: working conditions, ethical

business practices, and community engagement.

3.4.3 Feature Importance Analysis

The next step, after feature transformation, is to determine the importance of each cri-
terion in the process of supplier selection. This is done by using Random Forest, a ma-
chine learning algorithm particularly suitable for the assessment of the importance of

features in both classification and regression problems.

Random Forest measures feature importance as a decrease in impurity, for example, the
Gini impurity, when the specific feature is used for a split in every decision tree. Feature

importance for each criterion is computed as:

Ali(ey)
[N¢|

FI(C) = Yoy (4)
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(Li et al., 2019)
Where:

Aly(c,) represents the reduction in impurity for criterion in decision tree t.

|N;| is the number 0f|n0des in tree t.

T is the total number of trees in the forest.

A weight is given to each criterion after important scores are normalized. This ensures

that the weights represent the relative significance of each criterion:

FI(C})

W = ——1
' Z?j:ﬂ FI(C]-)

(5)

(Agarwal et al., 2023)
Where:
W; represents the weight assigned to criterion C;.

n is the total number of criteria.

3.4.4 Weight Assignment

The weights derived from the Random Forest analysis are directly used in the TOPSIS
method after normalizing. These weights provide a data-driven approach for assigning
importance to the different criteria, ensuring that the DM process reflects the relative
importance of each aspect of supplier performance. The data-driven nature of this pro-
cess makes it more accurate and adaptive to changing conditions and priorities in the

supply chain.

3.4.5 Application of TOPSIS Method

Next, the suppliers are ranked by applying TOPSIS based on the weighted criteria, fol-

lowing a series of systematic steps.
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3.4.5.1 Construction of the Decision Matrix

The decision matrix D is created, with each alternative Al, A2,... representing a supplier,
and each criterion C1,C2,... representing a specific aspect of supplier performance. The

decision matrix captures the scores for each supplier on each criterion.

3.4.5.2 Normalization of Decision Matrix

Next, to compare the different criteria, normalization is applied to the decision matrix.

The normalized matrix R;; is computed using the following formula:

(6)

(Behzadian et al., 2012)
Where:

R:; is the normalized score.

ij

D;; is the original score of alternative i on criteria j.

3.4.5.3 Weighted Normalized Decision Matrix

Next, the normalized decision matrix is adjusted based on the criteria importance. The

weighted normalized matrix V; is calculated as:

Vij = W Ry (7)
(Behzadian et al., 2012)
Where:
W; is the weight criterion.

V;j is the weighted normalized score.
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3.4.5.4 Determination of Solutions

The next step of the TOPSIS method is to identify the Positive Ideal Solution (PIS) and
Negative Ideal Solution (NIS). These elements illustrate the best and worst possible per-
formance of each criterion.

V-

+ _
VT = max;V; {

J
(Behzadian et al., 2012)

o = mlanU (8)

Where:
lf}-+ is the best possible value for criterion j.

Vi~ is the worst possible value for criterion j.

3.4.5.5 Calculation of Euclidean Distances

This is determined to quantify the closeness to the ideal solutions.

i = J{ Foa(Vy — ‘frﬂz}’ Si = J{ T (Vy — %_)2} (9)

\Z)

(Pavi¢ & Novoselac, 2013)
Where:
S is the distance from the Positive Ideal Solution.

S; is the distance from the Negative Ideal Solution.

3.4.5.6 Computation of Performance Score

The relative closeness coefficient CC; can then be calculated for each supplier as:

CC = =L (10)

+ —_
SF+S;

(Pavi¢ & Novoselac, 2013)
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3.4.6 Implementation of the Framework

The above described ML-integrated TOPSIS frameworks is implemented using Python as
the programming language and these scripts are supported by the libraries such as
NumPy, Pandas and Scikit-learn improving the capability of handling a large dataset. The

implementation stage incorporates the following steps:

e Data Preprocessing: This step includes cleaning the duplicates, and missing val-

ues, merging data, and normalization.

e Feature Importance Analysis: In this step, the Random Forest algorithm is trained.
Thereafter, the feature importance values are obtained and finally, these ob-

tained values are normalized to obtain the criteria weights.

e TOPSIS Method Analysis: The TOPSIS method is used to rank suppliers by evalu-

ating the weighted decision matrix.

In summary, this methodology presents a comprehensive data-driven approach toward
the selection of suppliers in circular supply chains. Integration of machine learning tech-
niques, such as Random Forest for feature importance analysis, along with advanced
decision-making frameworks like TOPSIS, makes the proposed methodology robust, scal-
able, and reliable for evaluating suppliers. This methodology solves not only the prob-
lems of missing data management and multi-criteria evaluation but also follows all the
rules of the CE since in the decisional process, economic, environmental, and social is-

sues are considered.
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3.5 Stage 04 - Evaluation of the Case Study

Stage 04 is one of the most crucial stages in assessing the efficiency and feasibility of the
suggested supplier selection process. During this stage, any emerging problems are iden-
tified, the effectiveness of the proposed approach is tested, and the overall performance

of the suggested framework is evaluated.

In the case study, the supply chain scenario or industry under focus is first specified,
along with the criteria for identifying the number of suppliers, such as cost and their
impact on the environment and society. The performance of each supplier is then eval-
uated using the aforementioned methodology, relying on actual data for all three dimen-
sions of evaluation. This process includes checking whether the pre-processing methods,
such as filling in missing values and normalizing data, produce accurate, consistent, and
comparable data for analysis. Ensuring the validity of the data is critical, and any issues
are addressed prior to the evaluation process through appropriate machine learning-

based imputation techniques.

Additionally, feature importance analysis using Random Forest or other classification
and regression algorithms plays a key role in assigning appropriate weight values to each
evaluation criterion. This step is vital for creating the final decision matrix. The correct
allocation of weights to individual factors ensures a fair and logical distribution of rela-
tive importance when ranking the suppliers. Based on these weighted criteria, suppliers
can be compared with the objective ranking position, which will form the foundation for

deciding on the best supplier to support the organization’s circular supply chain.

The case study also demonstrates how the implementation of the TOPSIS technique fa-
cilitates the ranking of suppliers based on the distance of each solution from the ideal
solution. By considering both positive and negative ideal solutions, a comprehensive

evaluation of all possible supplier options is made possible. The performance scores de-
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rived from this process will provide an accurate ranking of the suppliers, offering deci-
sion-makers valuable insights for selecting the most suitable supplier for CSC implemen-

tation.

Furthermore, in the analysis section, the scalability of the methodology is assessed.
Since the framework utilizes machine learning techniques, it is anticipated that it can be
applied to various industries and SCs. The study should also address potential issues that
may arise during evaluation, such as the ability to scale the methodology for handling

large datasets or the effectiveness of the imputation techniques used.

Finally, Stage 04 examines how the integration of ML and the TOPSIS method enhances
the supplier selection framework, making it adaptable and applicable in different sce-
narios within circular supply chain management. This stage is essential for ensuring that
the methodology can be effectively used across diverse circumstances, optimizing sup-

plier selection in a variety of supply chain contexts.
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4 Results Analysis

4.1 Data Collection and Processing Strategy
4.1.1 Introduction

The methodology employed in this study combined both primary and secondary data
collection techniques to enhance the credibility of the research. The primary data was
collected from procurement and sourcing professionals within the case company
through an online survey. The survey gathered information on how these professionals
ranked the importance of various SS criteria to identify the suppliers for CSCs. The ques-

tionnaire used for this data collection is provided in Appendix 1.

Along with the primary data, secondary data was gathered from the case company's rec-
ords, such as procurement documents and supplier evaluation reports. These records
were sourced from the company's procurement department and are detailed in Appen-

dix 2.

Given that this study specifically focuses on circular supply chains, the supplier appraisal
process went beyond traditional factors. It also incorporated sustainability considera-
tions, such as carbon footprint, ethical sourcing, and recyclability, which are essential
components of circular supply chain principles. This approach ensured that the SS pro-

cess aligned with both operational and environmental sustainability goals.
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4.1.2 Data Sources and Integration

When collecting the secondary data from the case company, the data was originally ex-

tracted from two distinct systems:

e System 01 — This system records the details of the proposals submitted by the
candidate suppliers. Thus, from this system records of supplier offer were ex-
tracted.

e System 02 - This system records the details about the supplier evaluations, deci-
sion-making criteria, and sustainability assessments. Thus, past supplier perfor-

mance data and sustainability assessments were extracted.

Thereafter, the two main datasets were integrated using the procurement request num-
bers as the unique key or the primary key which aids in integrating past supplier perfor-
mance data with supplier offer data. In the initial dataset, there were around 2184 rows
which were then followed by the pre-processing steps to maintain the data integrity and

generate a final dataset which statistically robust for ML applications.

4.2 Analysis of Questionnaire Data

A structured online questionnaire was distributed to procurement and sourcing profes-
sionals of the case company. The main aim of the questionnaire is to validate and recog-
nize supplier evaluation criteria, identify procurement priorities, and understand sus-
tainable priorities. In the survey study, 22 responses from the case company (specifically
from procurement and sourcing departments) were collected through online distribu-
tion. The questionnaire responses were used to identify the most important SS criteria
from the procurement records from the procurement professionals’ point of view and
also identify any additional sustainability factors that might influence the supplier selec-

tion for circular supply chains.
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4.2.1 Demographics of the survey responses

In this section, an overview of the demographics (age, years of experience, department
of working) of the 22 survey respondents are provided.

Age Distribution of Respondents
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Figure 4. Age Distribution of the Respondents.

According to the Figure 4, the highest number of respondents was from age group be-
tween 25 and 34 and the followed by age group 35 and 44, and age group 45 and 34
respectively. The least number of responses was recorded from the age group between

55 and above.
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Years of Experience Distribution

Number of Responses

Category

Figure 5. Years of Experience Distribution of the Respondents.

According to Figure 5, it can be seen that the majority of the respondents have experi-

ences between

8 to 12 years whereas the least number of years of experience recorded

from less than 1 year experience group.
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Figure 6. Department Distribution of Respondents.
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According to Figure 6, the majority of the respondents recorded from the procurement
department and then followed by purchasing and supply chain management depart-
ment respectively. In the case company, there are two separates department for pro-
curement and purchasing who focuses on long-term and day to day operations respec-

tively.

4.2.2 Identification of Most Important SS Criteria for CSCs

In this study, the supplier selection criteria for CSCs were identified through a review of
43 procurement processes and reports. Through the analysis, 25 available criteria were
identified. However, a refined subset of 14 critical criteria was selected to consider in the
ML-integrated TOPSIS framework evaluation for supplier selection of circular supply
chains ensuring that only the most relevant and often discussed in the case company
were considered in the DM process. This aided in reducing complexity and missing values
cases of the datasets. This refined subset was determined through a systematic evalua-
tion of the insights from the procurement and sourcing professionals of the case com-

pany which were initially collected through the questionnaire.

The refined subset of critical supplier selection criteria was identified through a quanti-
tative threshold approach where participants of the questionnaire survey rated the im-
portance of each criterion on a five-point Likert scale (1= Least important, 5 = Most im-
portant). Thereafter, the average rating for each criterion was calculated where a thresh-
old of 3.8 was recognized to identify the most critical SS criteria. The distribution of
scores aids in identifying the threshold to distinguish the most critical criteria (which

were rated as highly important by the procurement and sourcing professionals).
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Average Score Distrbution of Supplier Selection Criteria
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Figure 7. Average score distribution of SS criteria.

According to Figure 7, it can be seen that the threshold at 3.8 out of 5 ensures the sup-
plier selection criteria reflects the priorities of survey responders which ultimately filters
out the less influential criteria balancing the rigor and inclusivity, capturing the most
influential criteria. This approach makes the decision-making framework robust without
making it overly complicated. Furthermore, this approach aligns with a practice in
MCDM, where an appropriate threshold helps to refine the most influential SS criteria

which enhances the decision-making accuracy.

4.2.3 Overview of the most important SS criteria

The final refined subset which includes 14 supplier selection criteria includes both tradi-
tional and circular supply chain-specific supplier selection criteria ensuring a selection

of a comprehensive supplier evaluation process that aligns with the circular economy
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principles and sustainability goals. For instance, in the refined subset, the traditional cri-
teria remain essential in the SS as these contribute greatly to the operational efficiency
whereas the circular economy-specific criteria such as recyclability, carbon footprint, and
resource efficiency are important in ensuring sustainability contribution and practices in
the SS process. Thus, this methodology which is driven by both traditional and circular
economy-specific supplier selection criteria ensures that the ML-integrated TOPSIS
framework is tailored to the CSC needs of the company where informed and sustainabil-

ity-conscious supplier selection decision making is enabled.

Table 5. Criteria Name and Criteria Definition.

Criteria Name Criteria Definition Traditional/Circular Crite-
ria

Price cost of a unit/ cost per unit Traditional

Quality alignment of the predefined qual- | Traditional
ity standards of the supplier prod-
ucts or services

Delivery Time time taken by the supplier to fulfill | Traditional
the order

Offer Validity Days | validity period of the supplier of- | Traditional
fers

Payment Terms conditions of the payments Traditional

Procurement Ac- | type of procurement activity Traditional

tion

Quantity volume that the supplier is capa- | Traditional
ble of offering

Delivery Terms terms and conditions of the deliv- | Traditional
ery and transportation of the
items

Delivery Mode transport method (e.g., air, sea, | Traditional
road)
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Product Fit

alignment between the product
request by the buyer and the

products offer by the supplier

Traditional

Resource Efficiency

minimization of wastage, usage of
sustainable materials, and effi-
cient use of resources in produc-

tion

Circular

Recyclability

recyclable capabilities of the prod-
ucts or the materials offered by

the suppliers

Circular

Carbon Footprint

supplier’s impact on emissions in
the production and transportation

processes

Circular

Ethical Sourcing

practice of aligning with fair labor
laws, sustainability principles, and

human rights

Circular

Before proceeding further, it is important to understand if there are any interdependen-
cies among the supplier selection criteria in the refined subset based on the profession-
als’ perspectives. Thus, through a correlation heatmap of the supplier selection criteria,
it can be identified whether any notable relationships influence the supplier evaluation
and its decision-making processes. However, the findings of this correlation map are only
based on the survey which indicates that further validations are required from past per-
formance data of suppliers. In the map, the correlation values varies from —1 to 1, where
the positive numbers indicate a positive relationship whereas negative numbers indicate

negative relationships. The correlated map was generated using a python code which

was executed in Google Colab (see Appendix 3).
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Correlation Heatmap of Supplier Selection Criteria
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Figure 8. Correlation heatmap of SS criteria.

According to Figure 8, a strong correlation of —0.51 between price and delivery terms
can be observed which implies that the cost-reducing procurement decision comes
along with the compromise at favorable or flexible delivery options. Furthermore, a neg-
ative correlation can be identified between price, carbon footprint, and ethical sourcing
which indicates that there are possibilities of compromising these sustainability con-
cerns when focusing on cost efficiency. This showcases some common trade-offs be-
tween sustainability considerations and cost reduction in procurement strategies. More-
over, price is negatively correlated with product fit, delivery terms and delivery mode
which indicates that the product compatibility, favorable and fast delivery modes are

often compromised when focusing on price and cost efficiency.
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Additionally, a slightly positive correlation between quantity and ethical sourcing can be
observed which might imply that the high-quality suppliers tend to align with ethical
sourcing practices. Furthermore, there is only a slight negative correlation between the
quality and delivery time which may imply that according to professionals’ perspective,

the delivery time is sometimes compromised when procuring high-quality products.

The delivery time indicates a negative correlation with price which implies that the sup-
plier who provides a shorter lead time may charge higher prices from the buyer. More-
over, delivery time has a positive relationship with offer validity and carbon footprint
which implies that the supplier with timely deliveries tends to offer longer validity peri-

ods and minimize the negative environmental impact.

As per professionals’ insights, procurement action has a moderate positive correlation
with payment terms which implies that payment conditions influence procurement de-
cisions. This aligns with practical supplier selection strategies as organizations tend to

favor suppliers who offer flexible and favorable payment structures.

Overall, the professionals’ perspective of the case company tends to support common
procurement decisions. However, these outcomes need validation with past supplier

performance and procurement data to enhance reliability.
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4.2.4 Top 10 Supplier Selection Criteria Based on Survey Data

Top 10 Supplier Selection Criteria Based on Survey Responses

Average Importance Score

& . & & s & & & <&
& <€ & e & S & & & &
& A o & of & & &
o o o > & & <
2 g € ¢ 5§ &
© < & € &
O
QK
Criteria

Figure 9. Top 10 Supplier Selection Criteria Based on Survey Data.

Figure 9 was created using a Python code which was executed in Google Colab (see Ap-
pendix 4). This Figure demonstrates insights of procurement professionals regarding the
prioritization of SS criteria. According to the analysis, quality, delivery time, and price
remain the most critical criteria that influence the SS decision-making process. Thus, this
suggests that procurement professionals focus on a reliable and cost-effective supply

chain first when selecting the suppliers.

Furthermore, delivery terms, quantity, recyclability, and ethical sourcing also score
highly which reflects that there is a secondary importance in selecting suppliers based
on these criteria. This implies that the professionals of the case company have a mindset
of shifting towards a holistic evaluation approach where both operational efficiency and

ethical consideration have a significant impact on the DM process.

Moreover, according to the professionals’ insights, recyclability, procurement action, and

product fit are considered in the top 10 criteria list implying that the case company has
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a focus on sustainability and alignment with specific procurement needs such as the

agreement between the item requested and the item offered.

Overall, this analysis indicates that procurement and sourcing professionals of the case
company tend to adopt a balanced approach where both traditional and emerging cir-
cular supply chain supplier selection criteria are considered in the supplier evaluation

process.

Comparison of Importance of Traditional vs Circular Supply Chain Criteria
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B Circular Criteria
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Figure 10. Traditional vs Circular-supply chain specific supplier selection critera.

Figure 10 provides a comparison between the importance of traditional and circular-
supply chain supplier selection criteria according to the professionals’ insight gathered
through the questionnaire. The graph was created using the python code which was ex-

ecuted in the Google Colab (see Appendix 5).

According to the analysis, the conventional SS criteria such as price, quality, delivery time,
payment terms, and procurement actions are ranked significantly with an average ex-
ceeding 4.0 out of 5 which indicates that according to the professional, these traditional
criteria have the most influence on the DM process and plays a central role in supplier
evaluation. The cost-effectiveness, operational efficiency, and timely product availability
in their supply chain are ensured by incorporating the traditional supplier criteria strate-

gically in the supplier selection.
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Furthermore, criteria associated with the CSC like recyclability, efficiency of resource,
ethical source, and carbon footprint of the supplier are comparatively higher than the
traditional criteria like supplier’s solvency and its geographical location. This means that
as per the perceived understanding of the experts, the case company is not only catering
to the traditional supplier evaluation criteria but is also stressing over some of the CCS
supplier selection criteria as well. This might have been caused by the increase in the
customer awareness and perception towards green products as well as the external

force to provide an environmentally sustainable supply chain.

4.3 Pre-processing of Supplier Performance Data

4.3.1 Data Integration

As described in section 4.1.2, secondary data was collected from two distinct systems of
the case company. One system provided the records related to supplier proposals which
had the details related to prices, delivery terms, payment conditions product specifica-
tions, etc. The other system provided the data related to past supplier evaluation per-

formance records and sustainability assessments.

The initial complete dataset was created by taking the procurement request number as
the unique identifier to integrate two different datasets into one. Through this approach,
it was able to merge supplier offer records with corresponding evaluation outcomes of

the suppliers creating a structured dataset.

After creating the complete dataset, there were 25 evaluation criteria which have differ-
ent aspects such as quality, operation performance, and sustainability aspects of the
suppliers. However, to ensure practical applicability and analytical relevance, a question-
naire was distributed among the procurement and sourcing professionals to determine

the most influential supplier selection criteria. Hence, in the final dataset which was
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ready for the pre-processing, only the 14 most influential supplier selection criteria were

retained in the dataset to ensure the balance between practicality and efficiency.

4.3.2 Data Cleaning

The final dataset was then moved to the rigorous preprocessing phase to improve the
data quality, suitability, and consistency making it more ready and appropriate for the

ML applications. The preprocessing phase included three major steps.

1. Removal of Duplicates
Duplicate records were identified in the dataset, which were related to supplier offers
and evaluation records. This step ensured that the ML model would not incorporate du-

plicate or repeated data points to learn from which might lead to overfitting later.

2. Resolution of Inconsistencies
The categorical criteria such as procurement action types and delivery terms were stand-

ardized through feature encoding techniques to make the dataset ready for ML models.

3. Handling of Missing Data

Handling the missing data is a key tasks of the preprocessing phase. The missing data
were mainly observed in circular-supply chain-related supply chain criteria and evalua-
tion records as the case company started assessing these criteria recently. This issue was

addressed using two ML-oriented approaches.

e Dropping Incomplete Records: If most of the criteria of a row are missing, those
records were dropped from the dataset in order to reduce the bias and prevent
the ML model being trained on unreliable data.

e Feature Engineering for ML: In some cases, where only one or two missing values
are observed in a record, those values were imputed using techniques such as

media, mean, or KNN imputation.
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Missing Count and Percentage by Column
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Figure 11. Distribution of missing values in supplier selection criteria.

Figure 11 was created using a Python code which was executed in Google Colab (see
Appendix 6). This figure shows the distribution of missing values in each criterion. Ac-
cording to the analysis, resource efficiency has the highest missing data which contrib-
utes to 21% of the total dataset followed by the carbon footprint and recyclability as the
second and third criteria with the highest missing data rate in the dataset. Conversely,
the criteria such as price per unit, delivery mode, and product fit showed the least num-
ber of missing data in the final dataset. However, these missing data were addressed
through using feature engineering techniques to enhance the reliability and accuracy of

the model.
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Missing Data Heatmap (Before Cleaning)
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Figure 12. Missing data heatmap (Before cleaning).

Figure 12 which is heatmap illustrates how the missing values are distributed among the
dataset. The x axis showcases each criteria or the variable of the dataset. Y axis show-
cases the place or position of the missing values in the dataset. This figure was generated

using a Python code which was executed in the Google Colab (see Appendix 7).

According to the Figure 12, it can be seen that resource efficiency, carbon footprint and
recyclability have a significant number of missing values as some past records in the case

company’s system did not have values for these criteria.
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Missing Data Heatmap (After Cleaning)
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Figure 13. Missing data heatmap (After cleaning).

Figure 13 visualizes the cleaned dataset and any missing values in the dataset. From this
figure, it can be seen that the dataset has been fully cleaned addressing all the missing

values through dropping records and missing values imputation.
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Boxplots for Numeric Features (Outlier Detection)
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Figure 14. Distribution of the numerical criteria.

Figure 14 which is a boxplot representation showcases the distribution of the numerical
attributes or the criteria of the dataset before applying any transformations such as scal-

ing. The figure was created using the python code in Google Colab (see Appendix 8).

According to the Figure 14, the numerical criteria in the dataset include delivery time,
offer validity days, quantity, and price per unit. According to the box plot, it can be seen
that the distribution of price per unit has a significant variability with a large interquartile
range and a few outliers compared to delivery time and offer validity. This is due to the
variances in pricing which often occurs due to bulk discounts, and supplier contracts.
Delivery time is compactly distributed indicating that many suppliers provide delivery
schedules with minimum deviations. Similarly, offer validity days are compactly distrib-
uted as well. Conversely, the quantity has a significantly skewed distribution, as the cri-
teria have a large range and multiple large values. This is an expected behavior in the
data as the quantity varies and hugely depends on the business needs. However, accord-
ing to this analysis, the identified outliers should be addressed before feeding the data

into the ML model.
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Boxplots of Features After Scaling
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Figure 15. Distribution of the numerical criteria after normalization.

Figure 15 represents the same criteria as in Figure 14, but those attributes are now
shown after the z-score normalization. Due to the normalization, all the numerical values
are now centered around zero which makes it easier to compare despite their original
scales and units. Furthermore, the large magnitudes of price per unit and quantity are
now in similar ranges reducing the disproportionate influence on features. After the nor-
malization, the outliers are more balanced without dominating the data, especially the
extremely large values. This is an important transformation before feeding the dataset
into ML models, as this approach ensures that features are not affecting the results dis-

proportionately due to their original scales.

4.3.3 Final Dataset Overview & Criteria Definition

After the data preprocessing, filtering, and scaling, the dataset had a total of 2478 rows
(records) which are from 456 unique suppliers. Thereafter, the past procurement data
rows with the same supplier were aggregated into one row, where each row indicates a
unique supplier. Hence, in the final data set, there are 456 rows representing 456 sup-

pliers. However, this dataset includes only a subset of suppliers of the case company as
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not all the suppliers had been evaluated for circular-supply chain-related supplier selec-

tion criteria during the previous evaluations.

The final dataset considered for the ML integrated TOPSIS framework deployment con-

sists of 14 key supplier selection criteria, categorized as follows:

Table 6. Criteria Name and Definitions of the Final Dataset.

Criteria Name

Criteria Definition

Numerical/Categorical Val-

ity standards of the supplier prod-

ucts or services

ues
Price cost of a unit/ cost per unit Numerical Values
Quality alignment of the predefined qual- | Categorical values

Delivery Time

time taken by the supplier to fulfill

the order

Numerical Values

Offer Validity Days

validity period of the supplier of-

fers

Numerical Values

Payment Terms

conditions of the payments

Categorical values

ble of offering

Procurement Ac- | type of procurement activity Categorical values
tion
Quantity volume that the supplier is capa- | Numerical Values

Delivery Terms

terms and conditions of the deliv-
ery and transportation of the

items

Categorical values

Delivery Mode

transport method (e.g., air, sea,

road)

Categorical values

Product Fit

alignment between the product
requested by the buyer and the

products offered by the supplier

Categorical values
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Resource Efficiency | minimization of wastage, usage of | Categorical values
sustainable materials, and effi-
cient use of resources in produc-

tion

Recyclability recyclable capabilities of the prod- | Categorical values
ucts or the materials offered by

the suppliers

Carbon Footprint supplier’s impact on emissions in | Categorical values
the production and transportation

processes

Ethical Sourcing practice of aligning with fair labor | Categorical values
laws, sustainability principles, and

human rights

4.4 Feature Importance and Criteria Weights

After confirming the final dataset, the next step is to employ the ML-integrated TOPSIS
framework for supplier selection. The data-driven approach here is deriving the criteria
weights using the feature importance scores obtained from the RF model where the cri-
teria weights are driven by data. Thus, the feature model generates the feature im-
portance values eliminating the subjectivity that often occurs in the traditional TOPSIS

method.

4.4.1 Feature Importance Estimation using Random Forest

The RF is a widely used ML technique, and this algorithm creates the decision trees and
aggregates the output of these trees to enhance prediction accuracy and interpretability.

The main advantage of deploying this algorithm is being able to estimate the importance
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of each supplier selection criteria based on how those contribute to the model perfor-
mance. Thus, in this study, RF is used to compute the feature importance criteria by

training the provided dataset which has supplier performance data.

In the process, the following steps were followed:

1. Data preparation — This step was already completed in the preprocessing stage
where missing values were handled. In this stage, a Python code was added to

encode the categorical variables and also to standardize the unit if necessary.

2. Training the RF model — In the model training, the dataset was separated into
two sets: training and testing sets. Thereafter, the RF model was trained to pre-

dict the supplier performance score.

3. Feature Importance Calculation: After the model training, the importance of
each criterion was calculated using the mean decrease in impurity indicating the
features with higher importance contribute heavily to the supplier selection de-

cision-making process.

Above mentioned steps from 1 to 3 were followed in the python code and executed in
the Google Colab. Figure 16 showcases the python code which was executed following

step 1 to step 3.
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import pandas as pd

import numpy as np

import seaborn as sns

import matplotlib.pyplot as plt

from sklearn.ensemble import RandomForestRegressor

from sklearn.preprocessing import LabelEncoder, MinMaxScaler
from sklearn.feature_selection import mutual_info_regression

# Load cleaned dataset
file path = "/comtent/final_procurement_data.csv"
df = pd.read_csv(file_path)

# Keep Supplier ID for ranking but don't use it in ML
supplier_ids = df["Supplier ID"]

# Separate numerical and categorical colusns
numeric_cels = df.select ditypes{include=[np.number]).columns.telist(}
categorical_cols = df.select_dtypes(include=["object™]).columns . tolist()

# Encode categorical variables using LabelEncoder
label encoders = {}
for col in categorical cols:
le = LabelEncoder()
df[col] = le.fit_transform{df[col])
label_encoders[col] = le

# Define X (features) and vy (target)

X = df .drop{ columns=[ "Supplier Performance_Sscore”, "supplier ID"]) # Exclude target variable
¥y = df["Supplier_Performance_Score"]

# Train Random Forest for feature importance amalysis

rf = RandocmForestRegressor(n_estimators=528@, max_depth=18, random_state-=42)
rf.fit{x, ¥)

Figure 16. Python Code for Data Pre-processing and Feature Importance Analysis

Figure 17 showcases the Google Colab output of the feature importance of each crite-

rion according to RF model training.

Feature Importance

e Price_per Unit @.228421
1 Quality 8.199354
2 Delivery Time 8.179343
3  Resource_Efficiency @.181827
4 Quantity 2.884639
5 Ethical Sourcing 2.878492
& Delivery Mode 2.862763
g Recyclability 2.845276
7 Carbon_Footprint @.839537
9 Payment_Terms @.838135
1@ oOffer Validity Days 8.620634
11  Procurement Action 8.811673
12 Delivery Terms 8.818951
12 Product Fit 8.e1e221
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Figure 17. Feature importance output.

According to the figure, it can be identified that quality, delivery time, and price per unit
contribute significantly to the supplier performance score or the supplier selection
whereas the circular supply chain-related criteria, resource efficiency, ethical sourcing
and recyclability contribute to the supplier performance score moderately. The other
procurement administrative-related criteria such as procurement action, delivery terms,
and product fit have a lower influence on the supplier performance score when com-

pared to other criteria.

4.4.2 Deriving Criteria Weights for TOPSIS

Once the feature importances are calculated from the RF model, these should be nor-
malized to derive the criteria weights that would be used in the TOPSIS calculations. The
normalization was done using the python code and after executing in the Google Colab.
Figure 18 illustrates the python code executed to derive criteria weights using feature

importance analysis.

# Train Random Forest for feature importance analysis
rf = RandomForestRegressor(n_estimators=58a, max_depth=18, random_state=42)
rf.fit(x, )

# Get feature importance
feature_importance = pd.DataFrame({"Feature": X.coclumns, "Importance": rf.feature_importances_})
feature_importance = feature_importance.sort values{by="Importance”, ascending=False}

# Normalize Criteria wWeights

feature_importance["Criteria_weight"] = feature_importance["Importance”] / feature_importance["Importance™].sum(}

# Display Feature Importance and Criteria Weights
print("Feature Importance Table:™)

print (feature_importance)

print("wnCriteria weights Table:")
print(feature_importance[ ["Feature", "Criteria_weight"]1])

# Plot Feature Importance

plt.figure{figsize={12, &))

sns.barplet{x="Importance", y="Feature", data=feature_importance, palette-"viridis")
plt.title("Feature Importance (Random Forest}")

plt.xlabel{"Importance Score"”)

plt.ylabel{"Feature”)

plt.show(}

# Additional Feature Selection using Mutual Informaticn

mi_scores = mutual_infe_regression(X, y)

mi_feature_importance = pd.DataFrame({"Feature": X.columns, "Mutual_Info_Score": mi_scores})
mi_feature_importance = mi_feature_importance.sort_walues(by="Mutual Info_Score”, ascending=False}
primt("ymMutual Imformation Scores:™)

print(mi_feature_importance)
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Figure 18. Feature Importance and Criteria Weight Generation.

Figure 19 illustrates the final outputs of the criteria weights which would be subse-

guently used in the TOPSIS analysis to rank suppliers.

Feature Criteria Weight

a Price_per Unit 0.282848
1 Quality 8.182762
2 Delivery Time B.164942
3  Resource_Efficiency 2.893338
- Quantity 8.877583
5 Ethical Sourcing 2.864615
& Delivery Mode 2.857531
7 Carbon_Footprint B.836241
8 Recyclability B.844252
9 Payment_Terms 8.827623
18 oOffer Validity Days 8.815968
11  Procurement_Action e.alavaa
12 Delivery Terms @.818a38
13 Product_Fit 8.889369

Figure 19. Critera weights output.

This approach provides data-driven critical weights that are based on RF models instead
of subjective opinions which leads to biases or reduction in data accuracy. However, from

this approach, the criteria weights are purely based on data insights.

4.5 Final TOPSIS scores and supplier rankings

Once the criteria weights were generated, the steps of the TOPSIS method to prioritize
suppliers were executed. The following steps of TOPSIS analysis were comprehensively
described in chapter 3.
e Step 1 — Normalization of the Decision Matrix: The criteria are normalized and
scaled to make all the criteria comparable.
e Step 2 — Multiply by Criteria Weights: In this step, the normalized decision matrix
formed in Step 1 is multiplied by the criteria weights obtained from the feature
importance of the RF model.

e Step 3 — Determination of Ideal Best and Ideal Worst
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e Step 4 — Compute Distance from Ideal Best and Ideal Worst
e Step 5— TOPSIS Score Calculation

e Step 6 — Supplier Ranking

After following all the steps above, the model generates the TOPSIS score and supplier
ranking as the output. The above steps were followed in the python code and executed
in the Google Colab. Figure 20 illustrates the python code executed which followed step

1 to step 6.

def topsis({decision_matrix, weights, benefit_criteria):
# Step 1: Normalize the decision matrix
norm_matrix = decision_matrix / np.sqri((decision matrix ** 2).sum{axis=a2))

# Step 2: Multiply by Criteria weights
weighted matrix = norm_matrix * weights

# Step 3: petermine Ideal Best (A+) and Ideal wWorst (A-)

# Apply benefit_criteria element-wise

ideal best = nmp.where({benefit_criteria, np.max(weighted matrix, axis=08), np.min(weighted matrix, axis=08))
ideal worst = np.where(benefit criteria, np.min{weighted matrix, axis=8), np.max(weighted matrix, axis=28))
# Step 4: Compute distances from Ideal Best and Ideal Worst

dist_best = np.sqri{( (weighted matrix - ideal_best)} ** Z).sum(axis=1})

dist_worst = np.sqri(((weighted matrix - ideal_worst) ** 2).sum(axis=1))

# Step 5: Compute TOPSIS Score
topsis_scores = dist_werst / (dist_best + dist_worst)

return topsis_scores

# Prepare Decision Matrix (without Supplier ID)
decision matrix = df[X.columns]

# Mormalize using Min-Max Scaling
scaler = MinMaxScaler()

decision matrix = scaler.fit_transform{decision matrix)

# Get weights from Ranmdom Forest results
weights = feature_importance["Criteria_ueight"].values

# Define Benefit Criteria (1 for max benefit, @ for cost-based)
benefit_criteria = np.ones(len{weights)) # Assuming all criteria are beneficial

Figure 20. TOPSIS Calculation and Supplier Rankings.

Figure 21 illustrates the Google Colab output of supplier rankings with corresponding

Supplier_ID and TOPSIS scores.
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TOPSIS Supplier Rankings:
supplier_ID TOPSIS _Score Ranking

318 1714 8.831715% 1.8
2 1889 8.768365 2.8
227 1383 8.743887 3.8
265 1272 8.7488c1 4.8
331 1419 8.739al1s8 5.8
125 1312 8.163543 452.8
313 1387 g8.154388 453.@
115 13659 8.1531c8 454.@
384 le42 8.132185% 455.@
349 1182 g8.12e512 455.8

Figure 21. ML-integrated TOPSIS supplier rankings.

This output indicates which suppliers are performing well or have performed well based
on the feature importance criteria obtained from the RF model. According to the analysis,

it can be seen that Supplier_ID 1714 ranks as the highest-performing supplier.

4.6 Comparison between Traditional TOPSIS Method vs ML integrated
TOPSIS Method

In this section, the analysis and results obtained in the previous parts of the chapter 4
will be compared with the traditional TOPSIS method results to identify the difference
between the models. Before going forward with the comparison the suppliers ranking
through the traditional TOPSIS method should be calculated. Table 7 illustrates the tra-

ditional rankings of the suppliers.

Table 7. Traditional TOPSIS method’s supplier rankings.

Supplier_ID | Traditional_Rank

1965 1

1027 2
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1931

1714

1971

1889

1412

1453
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The comparison between the supplier rankings of ML integrated TOPSIS and the conven-

tional TOPSIS can be shown as in Figure 22.
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Figure 22. Supplier rankings of ML-integrated TOPSIS and the traditional TOPSIS.

In above scatter plot, the Supplier_IDs are seperated into four ranging categories and
these categories are represented in four different colours. The x and y axis showcase the
supplier rankings of traditional TOPSIS and ML-integrated TOPSIS respectively. The graph

was created using a Python code which was executed in Google Colab (see Appendix 9).

According to Figure 22, it can be seen that the points are scattered indicating the differ-

ences in the ranking outcome of the two approaches. If the traditional ranking and ML
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ranking were identical, all the points would align along a diagonal line. From the analysis,
it can be identified that some suppliers ranked high in the traditional TOPSIS approach
but lower in ML-integrated TOPSIS and vice versa. However, the higher variability and
widespread of scatter plot might indicate a new ranking pattern identified by ML-TOPSIS
as it is driven by data-insight-centered adjustments. Moreover, the ML model is capable
of assigning feature importance through advanced data analytics reducing human judg-
ments in the decision making which might be the potential reason for having compara-
tively different rankings in both approaches. Overall, there is not any perfect linear rela-
tionship in the supplier ranking which indicates that ML mode has introduced a less bi-
ased and more balanced supplier evaluation framework consisting of both traditional

and circular supply chain criteria considerations.
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Figure 23. Distribution of rank differences between traditional and ML-TOPSIS.

Figure 23 illustrates how the supplier rankings have shifted between traditional and ML-

TOPSIS. The histogram was created by executing a Python code in Google Colab (see
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Appendix 10). From the histogram, it can be seen that some suppliers have been signifi-
cantly moved up and down, while some have remained in the same rankings. Even
though the rank differences are centered around zero it can be seen that there is a wide
spread of rankings which indicates that ML-integrated TOPSIS has rearranged the suppli-
ers quite differently than the traditional TOPSIS. This dispersed distribution indicates
that the ML-integrated TOPSIS has weighted criteria differently than the traditional TOP-

SIS as the ML model learned the data and assigned the weightage criteria accordingly.

Sustainability Scores - Traditional Ranking
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Figure 24. Circular-supply chain-specific criteria performance of the top 5 supplier rankings of
traditional and ML-TOPSIS approaches.

Figure 24 illustrates the circular-supply chain-specific criteria performance of the top 5

supplier rankings of traditional and ML-TOPSIS approaches. From the comparison of
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graphs, it can be seen that the ML-TOPSIS approach is more likely to have given a balance
feature importance distribution among circular-supply chain-specific criteria by analyz-
ing the data whereas the traditional TOPSIS approach is more likely to have prioritized
resource efficiency among other circular-specific criteria when ranking the suppliers.
Overall, it can be identified that the ML-TOPSIS approach has provided a more holistic
approach to ranking suppliers in circular supply chains by prioritizing circular-specific cri-
teria covering both environmental and ethical aspects along with the other important
operational efficiency criteria.

100 sec Processing Time Comparison: Traditional vs. ML-TOPSIS

Time (mintues)

Processing Steps

Figure 25. Processing time of ML-integrated TOPSIS and traditional TOPSIS method.

Figure 25 illustrates the processing time of both ML-integrated TOPSIS and traditional
TOPSIS. The time taken by traditional TOPSIS for expert judgment is significantly higher
than the other processing times. The time taken by expert judgment or manual human
input proportionately increases with the number of criteria involved in the supplier eval-
uation. In this study, the expert judgment was collected through the survey which took
a considerable amount of time assuming that all information on the expert judgments
was received at the same time. In the ML-TOPSIS model, the time taken for both model

training and computation is significantly low when compared with the traditional TOPSIS
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method. However, the model training time would proportionately increase with the size
of the dataset. Yet, since expert judgement takes considerable time for deciding criteria
weights, it is clear that processing time of ML integrated TOPSIS model is comparatively

low when compared to traditional TOPSIS.

4.7 Summary of the Results Analysis

According to the analysis of the questionnaire data, it was identified that the profession-
als of the case company have a mindset to shift towards circular supply chain manage-
ment. According to survey data, quality, delivery time, and price are considered the most
critical factors influencing procurement decisions, whereas ethical sourcing, recyclability,
and quantity are considered secondary priorities in the supplier selection decision-mak-
ing process. These prioritizations indicate that the case company is gradually integrating

sustainability considerations into its procurement strategy.

In the data preprocessing phase of the ML-integrated TOPSIS framework evaluation,
many missing values were observed, especially in the circular supply chain-related crite-
ria. However, these missing values were handled through data imputation, and dupli-
cates of the dataset were removed. Thereafter, the numerical features were standard-

ized using z-score normal distribution to ensure scalability.

The feature importance analysis was performed through training the dataset incorporat-
ing RF model. The output of the feature importance analysis showcased that quality,
delivery time, and price per unit have the highest influence on the supplier performance
score, whereas procurement-related administrative criteria have the lowest impact on
the supplier performance score. The ML-integrated TOPSIS framework ranked suppliers

after deriving criteria weights based on RF-derived feature importance values.

The comparison between the traditional TOPSIS and the ML-integrated TOPSIS revealed
significant differences in the supplier rankings, ranking patterns, and processing efficien-

cies. According to the comparison of supplier rankings, it was observed that the rankings
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of the two methods do not align perfectly. This demonstrated that ML-TOPSIS has ad-
justed the rankings based on the historical data and data-driven insights instead of pre-

defined criteria weights from experts.

Furthermore, the distribution of the ranking differences indicated that some rankings
had notable shifts, whereas some rankings maintained the same positions. This indi-
cated that the ML-integrated TOPSIS assigns rankings differently, reducing biases in the
decision-making process. Moreover, it was identified that ML-TOPSIS has balanced fea-
ture importance across multiple circular supply chain criteria compared to the traditional

TOPSIS method.

The processing time analysis of both ML-integrated TOPSIS and traditional TOPSIS high-
lighted that the traditional TOPSIS consumed a significant amount of time due to the
expert judgment process, whereas the ML-TOPSIS method demonstrated higher effi-
ciency in computation and decision-making. Even though the ML model training time
increases with the size of the dataset, it remains significantly low compared to the time

required for expert judgment in traditional TOPSIS.

Overall, from the outcomes of the analysis, it was identified that the ML-integrated TOP-
SIS approach provides a less biased, computationally efficient, and more dynamic sup-

plier evaluation framework for the sustainable SS in the CSCM.
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5 Discussion

5.1 Introduction

The emerging technologies have been transforming different industries to improve op-
erational efficiency and transparency. Similarly, the supply chains of the organization
have been adopting different technologies to improve their processes. Among the ad-
vanced technologies, Al and ML are important technologies that adopt advanced data
analysis techniques to improve SC operations (lvanov et al., 2019). Thus, the integration
of ML into SS improved efficiency and resilience in the SCs (Govindan et al., 2020). More-
over, the world is now transforming various industries to become sustainable and envi-
ronmentally responsible while growing their business. Hence, circular supply chains have
emerged as a growing and relevant research stream and business strategy for organiza-

tions to implement CE concepts in SCM.

Nevertheless, it deserves mention that the supplier selection criterion also significantly
contributes to integrating CE principles into the SC. General, actual model that concerns
the supplier selection and decision making has a positive influence on the SC effective-
ness, use and sustainability. This apparently creates the need of developing new Supplier
Selection and Decision-Making Frameworks that will accommodate the circular econ-
omy concepts in today’s complex supply chains. In selecting suppliers of the circular
supply chains, evaluation of supplier’s competencies is crucial for determining the recy-
cling, remanufacturing, and material recovery tasks. However, the traditional supplier
selection approaches often fail to address multidimensional requirements. Hence, this
study developed and explored the integration of ML into the TOPSIS framework for the
supplier selection of circular supply chains by providing a robust, scalable, data-driven
supplier selection framework for the decision makers of the case company to enhance
sustainability and efficiency in circular supply chains by making a meaningful contribu-

tion to the ongoing transformation of supply chains in the era of sustainability.
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5.2 Interpretation of Key Findings

The results of this research study provide meaningful insights derived from the ML inte-
grated TOPSIS framework deployment for select suppliers for circular supply chains. Fur-
thermore, the results and the comprehensive analysis have been able to address three
main research questions of this study through comparing the ML-integrated TOPSIS

model results with Traditional TOPSIS model results.

A key finding of this study is that the ML techniques optimize supplier evaluation by au-
tomating the generation of feature importance and criteria weights for TOPSIS. Further-
more, the ML specifically the RF technique identifies the patterns by learning the data
which might have been left overlooked by the traditional approaches. From further anal-
ysis, it was identified that the traditional TOPSIS and ML-integrated TOPSIS assigned cri-
teria weights differently where in the traditional approach the weights were assigned
based on expert judgments derived from the survey whereas the ML-integrated TOPSIS
assigned the weights by training and learning from the dataset. Moreover, it was identi-
fied that ML integrated TOPSIS method reduces the human bias of the dataset and cri-
teria weights which ensures more accurate and objective supplier ranking. This aligns
with the previous studies from many researchers such as Li et al. (2021) where they
found that the ML-based decision models aid in reducing human bias in the criteria
weighting process. Hence, these findings address research question 1 of this research
study demonstrating how ML techniques optimize supplier evaluation and improve the

decision-making circular supply chains.

Furthermore, previous research studies demonstrated that the accuracy and efficiency
of the supplier ranking processes improved when ML is integrated into MCDM tech-
niques (Kumar et al., 2022). This research further strengthens the findings of previous
research studies, demonstrating that these ML-integrated MCDM techniques not only
improve the supplier selection of traditional supply chains but also the supplier selection

of circular supply chains. Furthermore, the analysis between the traditional TOPSIS and
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ML-integrated TOPSIS showcased there are some significant position shifts in the sup-
plier rankings. This is due to the ability of ML integrated TOPSIS to identify the correla-
tions and latent patterns which often get neglected in the traditional TOPSIS. The find-
ings of the study conducted by Zhang et al. (2020), which demonstrated the ability of
ML-integrated MCDM methods to identify hidden correlations and capture latent pat-

terns align with the findings of this study.

Another key finding of the study is the difference between the processing time of tradi-
tional TOPSIS and ML-integrated TOPSIS. The traditional TOPSIS required expert judge-
ment which took time to gather the relevant data. This resulted in subjectivity and pro-
longed DM. Conversely, the ML-TOPSIS automated the criteria weighting, generating
TOPSIS score and ranking suppliers by learning from the historical where continuous hu-
man input was not required. As a result, this approach took considerably less time to
process the data and generate supplier ranking lists. However, this processing time might
be proportionately increased with the size of the data. Since the dataset of this study
was medium-sized, the processing time was less than the time it would have been if it
was a large dataset. Yet, the whole processing time of the traditional TOPSIS would re-
quire significantly more time as this method requires human input. This finding ad-
dresses research question 2 of this research study which demonstrated that the ML-
TOPSIS method enhances the efficiency of the supplier evaluation process reducing ex-
pert manual efforts. Similar findings were found in a study conducted by Gunasekaran
et al. (2021), which demonstrated the ability of ML-integrated supplier selection pro-
cesses to eliminate manual data processing by streamlining the decision-making process

further.

Another key finding of this study is that the criteria weights have been differently as-
signed in ML integrated TOPSIS model when compared with expert-defined traditional
TOPSIS model criteria weights. From further analysis, it was able to identify how differ-
ently the circular-supply chain-related criteria have contributed to the top 5 supplier

rankings selection of both TOPSIS methods. In the ML-integrated TOPSIS method, the
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model prioritized many circular-supply chain-related supplier selection criteria which
went underweighted in the traditional TOPSIS method. This addresses the third research
guestion of the research study indicating that the ML-integrated TOPSIS framework im-
proves supplier selection in circular supply chains by integrating data-driven techniques
into the decision-making framework and ensuring the supplier selection aligns with cir-
cular economy principles which emphasizes sustainability and resource efficiency. The
study conducted by Awasthi et al. (2018) which demonstrated that the sustainability-
related criteria often remain undervalued in traditional MCDM due to expert biases

aligns with the finding of this study.

Overall, this study illustrated the capabilities of ML integrated TOPSIS model in effec-
tively ranking suppliers in the circular supply chains. These findings of this research study
addressed the results of the study conducted by Kusi-Sarpong et al. (2019) which illus-
trated that importance of incorporating real-time adaptability in supplier evaluation

frameworks in order to remain effective in sustainable and circular supply chains.

5.3 Theoretical Implications

The results of this study make a valuable contribution to the theory and practice of sup-
ply chain management. Practically, this study addresses some research gaps highlighted
in the literature. In the literature, many studies have extensively explored MCDM tech-
niques such as AHP and TOPSIS for SS. Furthermore, some have explored how Fuzzy Logic
and ML can be integrated into the MCDM techniques for supplier selection (Chai & Ngai,
2020). Yet, the integration of ML into TOPSIS for supplier selection remained underex-
plored in the literature. Thus, the research study filled this research gap by combining
the capabilities of ML in analyzing large and multi-dimensional datasets with the tradi-

tional TOPSIS technique.

Furthermore, this study demonstrated further that the traditional MCDM methods can
be enhanced significantly with Al and ML integration improving the efficiency. Moreover,

this research contributed to the literature on sustainability and CSCs which are growing
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academic interests in recent years. Therefore, this interdisciplinary approach provided a
refined framework to improve the holistic understanding of assimilating advanced and
emerging technologies for addressing the complexities involved in SS under the context

of CSCs.

5.4 Practical Implications

In terms of practical implications, this study demonstrated how companies can adopt
the circular economy principles leveraging ML-integrated TOPSIS framework in their sup-
ply chain processes. Furthermore, this study showcased the automation of weight as-
signment reducing the manual expert inputs reliance on the supplier selection process.
Moreover, another key contribution of this study on practical implication is showcasing
the ML-based TOPSIS approach allows the incorporation of new supplier performance
over time ensuring the supplier evaluations remain relevant. This is also following the
findings of the research work conducted by Mangla et al. (2022) that showed how crucial
it is to employ a dynamic and scalable supplier selection process to enhance the sustain-
ability issues of SCM in real-life applications. Therefore, it can be verified that the re-
search work makes a considerable practical and theoretical contribution to the SCM field

under the domain of SS.

5.5 Limitation of the Study

Despite the study’s contribution in several dimensions, the study has several limitations
which should be acknowledged. One of the main limitations of this study is the data
limitations. This study relied on a dataset of 456 suppliers with 14 supplier selection cri-
teria. While this provides a robust foundation for the ML-integrated TOPSIS framework
deployment, the accuracy of the model would have been improved greatly with a larger
dataset. In the study, the efforts were given to expand the dataset size further but due
to the complexity of data, missing values and duplicate records the number of rows in
the dataset had to be removed. Furthermore, in this study, the dataset was not filtered

based on the supplier category and supplier location (region) which might have resulted
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in variability in supplier performance scores. In this study, the dataset was not filtered
as the filteration could have reduced the size of the dataset furthermore. Thus, the
model interpretability could have been greatly improved with such filtration which might
results in more simplified and explainable insights for the decision-making process. In a
study conducted by Sarkis et al. (2021), it was stated that the model interpretability can
improve the decision-making process significantly by filtering data based on supplier

characteristics.

Another limitation of the study is data quality and bias which reduced the accuracy of
the ML-integrated TOPSIS results to some extent. The reason behind this was in the ini-
tial dataset there were a considerable amount of missing values of circular-supply chain-
related criteria as the case company started evaluating supplier performance based on
these criteria recently. Even though this issue was addressed in the pre-processing stage,
there could have been still biases in the dataset to some extent. However, the reliability
of the outcomes of the ML-integrated TOPSIS method could have been greatly with a

higher-quality dataset.

These limitations can be overcome by incorporating multiple case studies and also con-
ducting the case studies for more mature environment where shift towards circular sup-
ply chain management has been achieved for a considerable extent. This allows to have
reduced number of missing values for certain criteria, a larger dataset with filtrations
based on dynamics such as product categories and also less complexities in merging data.
Hence, addressing the above limitations would improve the ML-integrated TOPSIS

framework greatly increasing the accuracy and reliability significantly.

5.6 Future Research Direction

In the future, this study can be further improved by addressing the limitations of this
study and integrating the framework with other advanced technologies. Future studies

could improve the reliability of the framework and the accuracy of the decision-making
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process by incorporating real-time supplier performance data from which can be col-
lected and gathered from the Internet of Things and Blockchain technologies so that de-
cisions can be updated in timely manner improving the reliability of the framework.
Moreover, this framework could be further validated in future research by incorporating
a significantly large dataset to identify the effectiveness of the framework in a signifi-
cantly high-dimensional environment. Furthermore, the researchers can expand this
framework by combining the TOPSIS framework with other highly advanced Al tech-
niques such as deep learning or reinforcement learning which could further enhance the
supplier selection framework. Another future research direction is to explore this frame-
work in other industries and several case studies to validate its adaptability and effec-

tiveness.

Overall, the research findings address the three main research questions of this research
study. This finding showcases the potential of ML integrated TOPSIS framework in shift-
ing the supplier selection process to align with circular economic principles by relying on
data-driven insights. Even though the framework offers great advantages efficiency and
accuracy, the reliability of the framework can be significantly improved by addressing
the limitations in dataset, real-time data integration and studying several cases in the
industry. Moreover, future advancements in Al and ML and integrating them into the
framework through several case studies could further advance this approach improving

the decision-making process of selecting suppliers in CSCs.
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6 Conclusion

As the industry is moving towards CSCs, it is important to align the supply chain pro-
cesses with economic principles. SS is one of the crucial part of the SC process that
hugely contributes to shifting the traditional supply chain towards circular supply chains.
Traditional supplier selection incorporates MCDM methods in its decision-making pro-
cess to select suppliers and evaluate them. However, as technology advances the MCDM
methods are being integrated with the ML and Al technologies. Thus, contributing to
these trends in industries and literature, this study explored the integration of ML with
TOPSIS to select suppliers in CSCM which remained underexplored in the literature. The
main research questions of this study were to identify the efficiency and potential of the
ML-integrated TOPSIS framework and to understand how it aids in aligning the supplier
selection process with circular economy principles. The study was able to successfully

address these questions through the findings.

The findings of the study illustrated that the ML-integrated TOPSIS framework enhanced
the DM process of SS by automating the criteria weighting and supplier ranking using
Random Forest ML technique. Furthermore, the ML-integrated TOPSIS improved the
precision and effectiveness of the SS process within the circular supply chain framework.
The ML-integrated TOPSIS model dynamically adjusts supplier rankings based on histor-

ical data whereas the traditional TOPSIS model requires static expert-defined weights.

The study further highlighted practical implications in optimizing supplier process to
align with circular economy principles by incorporating ML- TOPSIS framework. Still, the
examination of study limitations on data accuracy and bias, data availability, and model
interpretability would additionally enhance the ML-integrated TOPSIS model to be more
precise and effective. Furthermore, the assimilation of cutting-edge machine learning
and Al methodologies with the TOPSIS approach, along with the verification of the ML-
integrated TOPSIS model in various industry environments, are avenues of promising fu-

ture research opportunities.
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With continuous technological advancement specifically with expanding Al technologies
the role of multi-criteria decision-making will continue to expand offering new frame-
works to optimize the supplier selection process while aligning with circular economy
principles. Therefore, this study which developed and validated the ML-integrated TOP-
SIS model to select suppliers in the CSCM remains a significant step and study toward a
more scalable, efficient, accurate, and sustainable decision-making process in the SCand
works as a framework to integrate advanced Al technologies into the ML-TOPSIS method

to selection suppliers for CSCM in the future research.

Overall, the industry practitioners and organizations who are working on shifting their
traditional supply chains to CSCs may find this research important. The output of this
research which is the ML-integrated TOPSIS framework contributes to the organizations
to optimize supply chain operation while reducing carbon footprints, achieving eco-

nomic efficiency, and ensuring long-term sustain in a rapidly evolving global market.
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Appendices

Appendix 1. Overview of the Questionnaire

-

ldentifying the importance of different
supplier selection criteria in the supplier
selection decision making process of the
company

><

Dear Participant,

My name is Vijini Witharana, and | am a second-year Master’s student at the University of Vaasa, Finland,
specializing in Industrial Systems Analytics. As part of my thesis research, | am developing an integrated
framework using Machine Learning and TOPSIS for sustainable supplier selection in circular supply chains.

This guestionnaire aims to gather expert insights on the importance of different supplier selection criteria
within your company. Your valuable responses will contribute to identifying key factors in sustainable supplier
evaluation and improving decision-making processes.

The survey will take approximately 5-10 minutes, and all responses will be treated with strict confidentiality.
Thank you for your time and support!

Best regards,
Vijini Witharana
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Age
Below 25
25-34
35-44
45-54

55 and Above

Years of Experience in the Industry

Less than 1 year

1-3years

4-7 years

8-12 years

More than 12 years

Years of Experience in the Industry

Less than 1 year

1-3years

4 -7 years

8-12 years

More than 12 years

Department

Procurement

Purchasing

Supply Chain Management

Other
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Section 2 of 3

Supplier Selection Criteria Evaluation

Please rate the importance of each supplier selection criterion on a scale of 1 to 5, where:

1 = Not Important, 2 = Slightly Important, 3 = Neutral, 4 = Important, 5 = Very Important

Price
1 2 3 4 5
O O O O O
Quality
1 2 3 4 5
O O O O O
Delivery Time

Offer Validity Days

1 2 3 4 5
O O O O O
Payment Terms
1 2 3 4 5

»<
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Procurement Actions
1 2 3
O O O
Quantity
1 2 3
O O O

Delivery Terms

1 2 3
O O O
Delivery Mode
1 2 3
O O O
Product Fit
1 2 3
O O @)

Resource Efficiency
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Recyclability
1 2 3
O O O
Carbon Footprint
1 2 3
O O O
Ethical Sourcing
1 2 3
O O O

Sustainability Certification

1 2 3

@) @) @)

Supplier Reputation

Innovation Capacity
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Section 3 of 3

Additional Comments v :

Description (optional)

Are there any additional criteria you consider important in supplier selection?

Long-answer text

Do you have any suggestions for improving the supplier selection process in the company?

Long-answer text

Appendix 2. Overview of Final Dataset

1 Supplier_ID|Price J)er_Unit‘ Quality bvew_TiValidin Payment_TermsFrement_ﬂ] Quantity |Ii\rery_Ter*||'venr_Mn#rnduct_FiLinal_Snurnume_Eﬁic#ecyclabili'lJpon_Faotherformam

17 1492 263,84 25 Cash on delivery Purchase 3018 FOB Air No Yes Low Medium Low 85,7
18 1126 975,32 Medium 57 58 Net 60 Purchase 25 CIF Road No Yes Medium Low Medium 838
19 1776 Medium 36 32 50% upfront FOB Air No Yes Medium Low Low 76,4
20 1165 1280,5 Low 16 50% upfront Purchase 37 CIF Air Yes Yes High Medium 873
21 1272 1614,12 Low 60 50 Net 60 Purchase 3302 Road Yes No High High Medium 81
22 1666 1739,86 Low 24 39 Cash on delivery Purchase 27 Ex-works Air No No Medium High High 90,7
23 1573 1577,83 Medium 83 35 Cash on delivery Purchase 2147 Ex-works Road No Yes Low High Low 89,7
24 1534 47,46 High 51 21 Net 60 Purchase 48 CIF Air No Low High Low 838
25 1787 Medium 39 34 50% upfront Lease Ex-works Air Yes Yes Low Medium High 884
26 1732 1857,62 High 83 35 50% upfront Purchase 678 Ex-works Sea No No Medium Medium High 90,2
27 1118 333,49 Low 10 16 50% upfront Lease 4069 FOB No Yes High Low High 87,7
28 1233 101,39 Low 20 15 Net 60 Purchase 3CIF Road Yes No Medium Medium 814
29 1507 301,21 High 21 Net 60 Lease 4852 Ex-works Road No No Medium High High 816
30 1627 1405,89 Medium 76 Cash on delivery Lease Ex-works Air No Medium High High 888
31 1731 149558 Medium 8 8 Net 30 Purchase 1082 Road Yes Yes Medium Medium High 848
36 1600 14328 Low 22 Lease 2937 Sea Yes Yes Low Low Low 944
37 1732 1893,67 High 24 50% upfront Lease 28 CIF Air No Yes Low Medium Medium 82,7
38 1902 338,61 Medium 20 10 50% upfront 2765 CIF Road No No Low 90,6

39 1030 1419,02 Medium 19 50 Cash on delivery Purchase 2898 CIF Road No Yes Medium Medium Medium 90,2
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Appendix 3. Python Code for Correlation Heatmap

# Perform correlation analysis
correlation_matrix = filtered_data.corr()

# Visualize the correlation matrix with a heatmap

plt.figure(figsize=(1@, 8))

sns.heatmap(correlation_matrix, annot=True, cmap='coolwarm', fmt='.2f', square=True, cbar=True)
plt.title("Correlation Heatmap of Supplier Selection Criteria", fontsize=16)
plt.xticks(rotation=45, ha='right', fontsize=18)

plt.yticks(fontsize=10)

plt.tight_layout()

plt.show()

Appendix 4. Python Code for Top 10 Criteria.

# Create a bar chart to represent the top 1@ criteria

plt.figure(figsize=(18, 6))

top_10 criteria.plot(kind="bar', color='skyblue', edgecolor='black")
plt.title("Top 1@ Supplier Selection Criteria Based on Survey Data", fontsize=14)
plt.xlabel("Criteria", fontsize=12)

plt.ylabel("Average Importance Score", fontsize=12)

plt.xticks(rotation=45, ha='right', fontsize=18)

plt.grid(axis="y', linestyle='--', alpha=0.7)

plt.tight_layout()

# Show the chart
plt.show()
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Appendix 5. Python Code for Traditional vs Circular Supply Chain Criteria

# Categorizing traditional vs circular supply chain criteria
traditional_criteria = criterial:18] + criteria[15:]
circular_criteria = criteria[10:15]

# Colors: blue for traditional, green for circular
colors = ["blue" if ¢ in traditional_criteria else "green” for c in criteria]

# Plotting
plt.figure(figsize=(12, 5))
bars = plt.bar(criteria, values, color=colors)

# Labels and title

plt.xticks(rotation=90)

plt.xlabel("Supplier Selection Criteria™)

plt.ylabel ("Average Importance™)

plt.title("Comparison of Importance of Traditional wvs Circular Supply Chain Criteria")

# Adding legend

import matplotlib.patches as mpatches

trad_patch = mpatches.Patch(color="blue', label='Traditional Criteria"}
circ_patch = mpatches.Patch{color="green', label='Circular Criteria')
plt.legend(handles=[trad_patch, circ_patch])

plt.tight_layout()
plt.show()

Appendix 6. Python Code Missing Values Analysis using Bar Charts and

Averages

# Create figure and axis objects
fig, axl = plt.subplots(figsize=(1@, 6))

# Bar chart for Missing Count

axl.bar(columns, missing_count, color="lightblue', label='Missing Count')
axl.set_xlabel('Columns')

axl.set_ylabel('Missing Count')

axl.set_xticklabels(columns, rotation=45, ha='right')

# Create a second y-axis for percentage

ax2 = axl.twinx()

ax2.plot(columns, percentage, color='0", marker='o', label='Percentage', linestyle='-', linewidth=2)
ax2.set_ylabel('Percentage (~%)')

# Add labels and a title

plt.title('Missing Count and Percentage by Column')
axl.set_ylim(@, max(missing_count) + 58)
ax2.set_ylim(e, 25)

# Show the legend
fig.legend(loc="upper left', bbox_to_anchor=(8.1, ©.9))
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Appendix 7. Python Code for Missing Values Heatmap

# Create a missing data heatmap

plt.figure(figsize=(12, 8))

sns.heatmap(df.isnull(), cbar=False, cmap='viridis', annot=False, xticklabels=df.columns, yticklabels=False)
plt.title('Missing Data Heatmap (Before Cleaning)')

plt.xlabel('Supplier Selection Criteria')

plt.show()

Appendix 8. Python Code for Boxplots of Before and After Scaling

# ===== ======

scaler = StandardScaler()

scaled_data = scaler.fit_transform(df.select_dtypes(include=[np.number])) # Only numerical columns
df_scaled = pd.DataFrame(scaled_data, columns=df.select_dtypes(include=[np.number]).columns)

# Boxplot after scaling

plt.figure(figsize=(12, 6))
sns.boxplot(data=df_scaled)
plt.xticks(rotation=45)

plt.title("Boxplots of Features After Scaling")
plt.show()

Appendix 9. Python Code for ML-integrated TOPSIS Rankings vs Tradi-
tional TOPSIS Rankings

# Visualization

plt.figure(figsize=(18, 6))

sns.scatterplot(x=df["Traditional_Rank"], y=df["ML_Integrated_Rank"], hue=df["Supplier_ID"], palette="viridis
plt.xlabel("Traditional TOPSIS Rank")

plt.ylabel("ML-Integrated TOPSIS Rank")

Appendix 10. Python Code for Histogram of Rank Differences

# Histogram of Rank Differences

df[ 'Rank_Difference'] = df['ML_Integrated_TOPSIS_Rank'] - df['Traditional_TOPSIS_Rank']
plt.figure(figsize=(8, 6))

sns.histplot(df['Rank_Difference'], bins=38, kde=True)
plt.axvline(df['Rank_Difference'].mean(), color='red', linestyle='dashed', linewidth=2)
plt.xlabel("Rank Difference (ML - Traditional)")

plt.ylabel("Frequency")

plt.title("Distribution of Ranking Differences")

plt.show()
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Appendix 11. Code for ML modelling

import pandas as pd

import numpy as np

import seaborn as sns

import matpleotlib.pyplet as plt

from sklearn.ensemble import RandomForestRegressor

from sklearn.preprocessing import LabelEncoder, MinMaxScaler
from sklearn.feature_selection import mutual_info_regression

# Load cleaned dataset
file path = "/comtent/final_procurement data.csv"
df = pd.read_csv{file path)

# Keep Supplier ID for ranking but dom't use it in ML
supplier_ids = df["Supplier_ID"]

# Separate numerical and categorical columns
numeric_cocls = df.select diypes(include=[np.number]}.columns.tolist(}
categorical_cols = df.select_diypes{include=["object"]}.columns . tolist(}

# Encode categorical variables using LabelEncoder
label_encoders = {}
for col in categorical cols:
le = LabelEncoder(}
df[col] = le.fit_transform{df[col])
label_encoders[col] = le

# Define X (features) and y (target)
¥ = df .dropd columns=[ "Supplier Performance Score", "Supplier ID"]) # Exclude target variable
¥ = df["supplier_Performance_score™)

# Train Random Forest for feature importance analysis
rf = RandomForestRegressor(n_estimators=528, max_depth=18, random_state-=42)
rf.fit{x, ¥}
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Appendix 12. Code for Feature Importance and Criteria Weights

# Train rRandom Forest for feature importance analysis
rf = RandomForestRegressor(n_estimators=5ea, max_depth=12, random_state=22)
rf.fit{x, y)

# Get feature importance
feature_importance = pd.DataFrame({"Feature": X.columns, "Importance": rf.feature_importances_})
feature_importance = feature_importance.sort_values(by="Importance”, ascending=False}

# Normalize Criteria Weights
feature_importance["Criteria_Weight™] = feature_importance["Importance”] f feature_importance["Importance™].sum(}

# Display Feature Importance and Criteria Weights
print("Feature Importance Table:™)
print(feature_importance)

prinmt("\nCriteria Weights Table:"™)
print(feature_importance[ [ "Feature"”, "Criteria_weight"]])

# Plot Feature Importance

plt.figure{figsize={12, &))

sns.barplot{x="Importance", y="Feature", data=feature_importance, palette="viridis")
plt.title("Feature Importance (Ramdom Forest)™)

plt.xlabel{"Importance Score”)

plt.ylabel{"Feature"”)

pli.show(}

# additional Feature selection using Mutual Informaticn

mi_scores = mutual_info_regression(x, )

mi_feature_importance = pd.pataFrame({"rFeature": X.columns, "Mutual_Info_Score": mi_scores})
mi_feature_importance = mi_feature_importance.sort_walues(by="Mutual_Info_Score”, ascending=False}
print("\nMmutual Information Scores:™)

print(mi_feature_importance)
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Appendix 13. Code for TOPSIS Calculations

def topsis{decision_matrix, weights, benefit_criteria):
# Step 1: Mormalize the decision matrix
norm_matrix = decision_matrix / np.sqri{(decision matrix ** I).sum{axis=a2))

# Step 2: multiply by Criteria weights
weighted matrix = norm_matrix * weights

# Step 3: Determine Ideal Best (A+) and Ideal Worst (A-)

# Apply benefit_criteria elememi-wise

ideal best = nmp.where(benefit_criteria, np.max(weighted matrix, axis=08), np.min(weighted matrix, axis=08))
ideal worst = np.where(benefit_criteria, np.min{weighted_matrix, axis=8), np.max(weighted matrix, axis=28))

# Step 4: Compute distances from Ideal Best and Ideal Worst
dist_best = np.sgri{((weighted matrix - ideal_best) ** 2).sum{axis=1})
dist_worst = np.sqri(((weighted matrix - ideal worst) *# 2).sum({axis=1))

# Step 5: Compute TOPSIS Score
topsis_scores = dist_werst / (dist_best + dist_worst)

return topsis_scores

# Prepare Decision Matrix (without supplier ID)
decision_matrix = df[X.columns]

# Normalize using Min-Max Scaling
scaler = MinMaxScaler()
decision_matrix = scaler.fit_transform{decision matrix}

# Get weights from Random Forest results
weights = feature importance["Criteria_uWeight"].walues

# Define Benefit Criteria (1 for max benefit, @ for cost-based)
benefit_criteria = np.ones(len({weights)) # Assuming all criteria are beneficial
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