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A B S T R A C T   

The present study uses a large group decision-making technique to identify and rank the best big data-driven 
circular economy (BDDCE) practices in the auto-component industry. The data pertaining to the BDDCE prac-
tices were collected from the decision-makers in three groups, namely, purchasing, manufacturing, and logistics 
& marketing function from the auto-component manufacturing industry. First, the consensus on the BDDCE 
practices within the group was ascertained followed by determining the decision weights using the percentage 
distributions and subjective weights. This was followed by the by computing the dominance degrees on pairwise 
comparisons of the BDDCE practices and ranking them using the PROMETHEE II method. The findings indicated 
that the BDDCE practices that were more inclined towards the enhancement of internal supply chain integration 
were most preferred and highly ranked by the decisionmakers in the auto-component industry as compared to 
the practices that were focused on improving the supplier and customer interfaces such as green purchasing, sale 
of excess inventory, and developing recycling systems for end-of-life products and materials . The high ranked 
BDDCE practices included minimization of the raw material consumption, plan for reuse, recycle, recovery of 
material, parts, and reduction of the process waste at the design stage.   

1. Introduction 

The disruptive innovative technologies facilitate organizational 
performance through solutions that restrict scarce resource consump-
tion and discover sustainable materials (Fatorachian and Kazemi, 2018; 
Kamble et al., 2020a). Studies have found that the Industry 4.0 tech-
nologies such as the internet of things (IoT) and big data analytics are 
becoming a business priority to build competitive advantages for sus-
tainable supply chains (Kamble et al., 2018; Jabbour et al., 2020). 
Manufacturing organizations highly appreciate the sustainable perfor-
mance that comprises the gamut of social, economic, and ecological 
aspects leading to numerous benefits of big data-driven industrial 
symbiosis (Tseng et al., 2018; Kamble et al., 2020a). The demand for 
improved sustainable performance has made organizations search for 
operational data-driven practices, including recycling, reducing, and 

reusing optimization solutions. In this situation, circular economy (CE) 
is seen as a competitive strategy that supports organizations in their 
efforts to mitigate the risks of high price volatility, uncertain supply 
conditions, and ecological risks (Moktadir et al., 2020). 

The big data technologies and IoT have tremendous potential to 
facilitate the adoption of CE in manufacturing organizations. Studies 
have suggested that CE’s potential can be unlocked by using large-scale 
data, and the concepts of CE, supply chain stakeholders, and large-scale 
data can manage large supply chains’ complexities (Jabbour et al., 2019; 
Nobre and Tavares, 2017). Big data analytics and collaborative associ-
ation among all the supply chain stakeholders facilitate the CE imple-
mentation through information sharing and processing in a supply chain 
resulting in sustainable goals (Bressaneli et al., 2018; Gupta et al., 2019). 
Previous studies in the literature have focused on developing CE in 
developed countries like the USA and China, demanding more 
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investigations from the large producers of greenhouse emissions and 
emerging economies (Nobre and Tavares, 2017). 

To date, research on CE is mainly focused on product end-of-life to 
reduce, reuse, and recycle waste. There is a lack of clarity on how the 
performance of product or process circularity is measured. More studies 
on identifying effective CE practices that lead to the transition from 
linear to circular models are needed (Bianchini et al., 2018). Therefore, 
it is necessary to identify, assess, and prioritize the effective CE practices 
to guide decision-makers in implementing CE in their organizations. 

1.1. Study objective 

This study aims to identify the Big Data-Driven Circular Economy 
(BDDCE) practices that are significant for successfully implementing the 
CE business models in manufacturing organizations. Determining the 
preferred BDDCE methods in manufacturing organizations is a Large 
Group Decision Making (LGDM) process. It benefits different stake-
holders in the supply chain network, requiring them to adopt procedural 
changes in their functions (Kamble et al., 2020b; Sharma et al., 2020). 
LGDM refers to the use of many persons’ opinions to select the best 
option from a set of feasible alternatives. In practice, the decisions for 
some problems influence several stakeholders (Barrane et al., 2020). 
Therefore, it is necessary to involve many persons from different 
stakeholder groups in the decision-making process (Danielson et al., 
2007; Lahdelma and Salminen, 2001; Pyon et al., 2009; Liu et al., 2016). 
For example, in a supply chain, any decision taken by the focal firm 
affects all the supply chain stakeholders that include suppliers, internal 
customers, and end-users (Barrane et al., 2020; Kamble et al., 2020b; 
Sharma et al., 2020). The involvement of multiple groups in the 
decision-making process differentiates the LGDM from the conventional 
Group Decision-Making (GDM), where a small number of persons 
participate in the decision-making process. 

Previous research studies have shown that the successful imple-
mentation of the BDDCE system in a firm is dependent on the support 
extended by their stakeholders (Kamble & Gunasekaran, In press; Bel-
hadi et al., 2020b; Kamble et al., 2020b). The stakeholders must make 
changes to adapt to the focal organization’s sustainable goals through 
CE implementation. The literature on LGDM to achieve cost reduction 
and sustainability initiatives is scarce, demanding more investigations 
into its linkages with concepts like lean manufacturing, six-sigma, and 
CE. Most of the studies have used multi-criteria decision-making tech-
niques involving a small number of participants (usually 10–15 mem-
bers) in a single group. Addressing the above gaps, in this study, we aim 
to identify and rank the various BDDCE practices that are essential for 
the implementation of CE in manufacturing organizations from a 
multi-group perspective. Three groups representing the stakeholders in 
a supply chain network, namely purchasing group, manufacturer group, 
and customer group, are considered in this study. 

The remaining of the paper is organized as follows: In the second 
section, we present the review of literature on the principle of CE, the 
role of big data in developing the CE environment, and the BDDCE 
practices. The research methodology comprising the participants’ de-
tails, the BDDCE practices, and the LGDM technique is described in 
Section 3. In Section 4, we present the analysis and findings. The dis-
cussion and implications are presented in Section 5. The conclusions, 
limitations, and future scope of the study are provided in Section 6. 

2. Review of literature 

2.1. The principle of circular economy (CE) 

The concept of Circular Economy (CE) can be defined as a global 
economic model based on the efficient utilization of finite resources 
(Morseletto 2020; Rosa et al., 2020). CE’s basic idea is to transform 
products attaining their end of life cycle into useful input material for 
other processes, thereby developing closed loops in industrial 

ecosystems and seeking long-term value retention (Gupta et al., 2019; 
Jabbour et al., 2019). Even though the principles of efficient use of re-
sources and products lifecycle extension are not very new, it is just 
recently that the importance of the CE has been coming to the front 
worldwide to provide an alternative to the traditional linear (take--
make-dispose) economy model (Rosa et al., 2020; Sassanelli et al., 
2019). Accordingly, new closed-loop economic models have risen, tar-
geting resource efficiency and waste reduction, satisfying economic, 
environmental, and societal requirements (Rosa et al., 2019). 

Although the CE provides beneficial impacts on finite resource usage 
sustainability, the CE principle’s application presents several constraints 
for the existing business organizations. According to Gupta et al. (2019), 
CE business models’ implementation could question organizations’ 
current capabilities and models’ efficiency. This may trigger both sys-
temic and radical innovation. Gupta et al. (2019) and Jabbour et al. 
(2019) suggest adopting new circular business models as the ultimate 
solution to implement CE principles effectively. For instance, rather than 
delivering physical products as the value proposition to customers, it 
would be preferable to provide services-based value and monitor the 
product lifetime at the firm level (Sassanelli et al., 2019). CE has 
considerable potential to reduce the physical possession of material by 
customers and reduce waste generation. One can find these trans-
formations in digital music, photography, home movies, and the popu-
larity of cloud-based storage and solutions. These new circular business 
models require firms to push their internal boundaries and integrate 
with other external business systems, constituting an advanced network 
with suppliers and customers operating in a closed circular loop (Gupta 
et al., 2019). 

2.2. Big data and the circular economy 

Firms’ networking with customers and suppliers (Gupta et al., 2019), 
along with precise information throughout a product’s lifecycle (Jab-
bour et al., 2019), is required to successfully implement CE principles. 
Therefore, the data accessibility to the product’s early stages to the 
end-of-life is paramount for successfully implementing new circular 
business models (Sassanelli et al., 2019). The acquisition of massive 
amounts of data requires proper, timely, and consistent information 
support (Gupta et al., 2019; Jabbour et al., 2019). Thus, there is a recent 
call in the literature for an integrated perspective of large data man-
agement and new circular business models (Rosa et al., 2020; Gupta 
et al., 2019; Jabbour et al., 2019). 

Big data is the massive, dynamic, and continuous datasets that are 
usually hard to explore and assess because of their complexity (Manyika 
et al., 2011). Besides, big data has been identified through the 7Vs 
(Belhadi et al., 2019), i.e., volume, velocity, variety, variability, verac-
ity, volatility, and value. Volume is characterizing a large amount of 
data. Velocity is a feature related to the very high pace at which data is 
generated, given the significant number of distributed data sources. 
These data are collected in multiple forms ranging from text, numeric, 
weblogs, videos, tweets, etc. This feature of the information is referred 
to as variety. Variability is a characteristic of heterogeneity and diversity 
of data forms and types. Veracity refers to the inherent uncertainty 
related to data generated. Volatility is a feature related to the storage 
capacity and retention of data. 

Finally, the goal is to extract value (Belhadi et al., 2020b; Dubey 
et al., 2019; Jabbour et al., 2019). Big data analysis may help firms 
uncover the hidden patterns and unlock the potential of circularity 
(Belhadi et al., 2020b; Jabbour et al., 2019). Since big data shows a great 
capacity to extract meaningful insights regarding environmental impact 
and consumption aspects of a product’s whole life cycle, it can be 
leveraged to support decision-making during each stage of this life cycle 
and facilitate intervention pursuance of more restorative and regener-
ative business models (Kamble and Gunasekaran, 2020). However, au-
thors such as Gupta et al. (2019) and Jabbour et al. (2019) argued that 
even though this powerful digital tool shows excellent compatibility 
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with sustainability-related issues, big data is used to support a 
closed-loop business model is less explored. Therefore, there is a need to 
investigate the adoption of CE using big data as a facilitator for making 
informed decisions that may enable the implementation of sustainable 
business practices in harmony with the CE concept principles. 

2.3. CE in the automotive industry 

The automotive sector in Europe spends €60.9 billion per annum on 
innovation, focusing on improving resource efficiency (Acea, 2020). The 
report further claims that remanufactured components reduce energy 
consumption by almost 80%, water by 80%, and 90% fewer chemicals 
resulting in an overall reduction of waste by 70% compared to new 
parts. The automotive industry is responsible for supporting its cus-
tomers by offering prolonged life for the vehicles by ensuring improved 
repair and maintenance services (ACEA, 2020; Belhadi et al., 2020a). 
The industry must also adhere to various regulations, such as the 
End-of-Life Vehicles Directive, which has set a 95% recyclability target 
per vehicle per year (ACEA, 2020). The economic incentives and existing 
legislation have made the CE an integral part of the automotive industry. 
The automotive industry should adopt design principles that support the 
idea of CE. The products and processes should be designed with sus-
tainable goals across their lifecycle, prolonging the vehicles’ usable life, 
and ensuring customized recycling at the end-of-life (Romel, 2018; 
Belhadi et al., 2020a). Romel (2018) identifies specific challenges that 
include the high upfront costs to set up a recycling plant and recycling 
cost components, involving numerous processing requirements to ach-
ieve high-quality standards expected for finished products. 

The Indian automotive component manufacturing industry is one of 
the world’s largest suppliers, and many developed countries outsource 
their requirements from India (Kamble et al., 2020c). In India, the 
automotive supply chain automotive is very complicated. On average, 
about 20,000 components and 1000 sub-assemblies are used to build a 
vehicle. Multiple product combinations that include steel (conventional 
steel, high strength steel, stainless steel), iron, aluminum, rubber, plas-
tics/composites, glass, copper, and brass and zinc material are used in 
the process. It is estimated that the demand for these products in the 
automotive sector will increase from 14 million tonnes to more than 100 
million tonnes by 2030 (TERI-GIZ-DA, 2016). As most of these products 
are imported, the price volatility, transportation costs, and procurement 
uncertainties put high pressure on manufacturing companies. Therefore, 
the improvements in resource efficiency will benefit the economic and 
ecological aspects of the business. In India, the component 
manufacturing companies are medium and small-scale industries. The 
Government of India has many initiatives in collaboration with external 
agencies to improve material productivity and reduce wastage (Arora 
et al., 2018). For instance, an intervention in Sandhar Automotives, a 
major auto component manufacturer in India, decreased rejection rates 
and material wastage by more than 70%. Maruti Udhyog Ltd., the 
leading manufacturer of four-wheelers in India, has implemented 
various practices that have reduced resource usage. For instance, the 
automated oil management system and the paintless dent repair system 
at the dealer workshop have resulted in minimum oil spillage and paint 
shedding. 

Tata Motors, the other leading manufacturer in India, acknowledges 
the importance of remanufacturing commercial vehicles’ components. 
Tata motors buy-backs or exchanges used vehicle parts such as engine, 
gearbox, or alternators resulting in low-cost usage and low impact on the 
environment. The company is aggressively investing in engine re- 
conditioning plants (Tata motors, 2016). Therefore, the inclusion of 
CE practices is necessary for manufacturing organizations to compete at 
a global level. The CE practices facilitate the existing automotive 

companies to keep themselves updated with the recent technological 
developments and absorb sustainability in their operations. 

2.4. CE business model and practices 

The literature cites several business models, strategies, and practices 
that drive CE adoption. According to Sehnem et al. (2019), these prac-
tices are enacted by managers to enhance resource efficiency and reduce 
waste generation and pollution for a collaborative, efficient, and opti-
mized utilization of the finite resources available. According to the Eu-
ropean Environment Agency (EEA, 2016), practices like Eco-design, 
repair, reuse, refurbishment, remanufacture, product sharing, waste 
prevention, and waste recycling are vital to switch from the linear 
economy to CE. These practices are deemed critical components of 
transformation towards more sustainable systems led by CE principles 
(Korhonen et al., 2018; Chen and Chen, 2019; Sehnem et al., 2019). 
Jabbour et al. (2018) argued that CE practices and strategies are based 
mainly on three principles leading to CE adoption, i.e., resource effi-
ciency, lifecycle extension, and reduction of products’ environmental 
impact processes. Several strategies are incorporated in previous liter-
ature, such as eco-design, resource efficiency, Rs practices (reduce-r-
euse-recycle) (Chen and Chen, 2019; Wassenhove, 2019). In Table 1, we 
reviewed the most common practices of CE according to several orga-
nizational levels. Importantly, we categorized CE practices into seven 
organizational themes:  

(a) Strategy and governance: this category encompasses practices 
taken at a strategic level by government and monetary authorities 
to support CE’s transition. Accordingly, authors such as Govindan 
& Hasanagic (2018) and Kalmykova et al. (2018) highlighted the 
role of CE-based laws and regulations along with CE-based 
taxation. 

(b) Sourcing: this category includes practices related to the pur-
chasing and sourcing of raw materials. This involves material 
substitution (Lüdeke-Freund et al., 2019), Green procurement 
(Kalmykova et al., 2018), green logistics and transportation 
(Govindan and Hasanagic, 2018), and Life Cycle Assessment 
(Sehnem et al., 2019).  

(c) Product development: this category group the practices aiming at 
designing eco-friendly products such as eco-design (Nascimento 
et al., 2019), Made to order and customization (Kalmykova et al., 
2018), design for disassembling and reuse (Lüdeke-Freund et al., 
2019), and reduction of material usage (Sehnem et al., 2019).  

(d) Production: this includes practices related to cleaner 
manufacturing of products such as resource efficiency (Sehnem 
et al., 2019), extended producer responsibility (Kalmykova et al., 
2018), and dematerialization (Lüdeke-Freund et al., 2019). 

(e) Maintenance and lifetime extension: this category involve prac-
tices aiming at extending the lifespan of products mainly by 
Remodeling/ Repair, Reuse, Repurposing, Remanufacturing, and 
Refurbishment (Sehnem et al., 2019; Jabbour et al., 2019)  

(f) Use and consumption: this category includes practices related to 
efficient use and consumption of products, including product 
sharing, Stewardship, and Socially responsible consumption 
(Govindan and Hasanagic, 2018; Kalmykova et al., 2018).  

(g) End-of-life management: this category concerns practices applied 
during the post-usage phase of products, including Recycling/ 
Cascading (Sehnem et al., 2019; Jabbour et al., 2019), waste 
management (Bruel et al., 2019; Kasulaitis et al., 2019), 
Re-mining (Lüdeke-Freund et al., 2019), industrial symbiosis 
(Sehnem et al., 2019) and energy recovery (Kalmykova et al., 
2018). 
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3. Research methodology 

3.1. Procedures and sample 

The Indian manufacturing sector is one of the prominent players in the 
global setup with tremendous growth potential and is expected to reach 
US$ 1 trillion by 2025 (Foundation, 2018). The data on the BDDCE 
practices were collected from the Tier-I auto-component manufacturing 
firms in India. The firms in this sector are the Small, Medium, and Micro- 
enterprises (SMME), which exhibit a high technological maturity level 
and have significant development prospects. The auto-component firms 
are in digital transformation and implementing industry 4.0 technologies 
such as the internet of things, robotic systems, and big data analytics 
(Kamble et al., 2020c). The efficiency of circular economy practices im-
proves significantly with the use of industry 4.0 technologies. Industry 4.0 
is a data-driven initiative that supports CE practices by offering rich in-
formation using big data analytics, IoT, artificial intelligence, and other 

Table 1 
Review of BBDCE practices according to the organizational levels.  

BDDCE Practices Description References 

(a) Strategy and governance 
CE laws and Policies Setting laws and regulations 

to promote the adoption of 
CE at the country level 

(Govindan and Hasanagic, 
2018 ; Kalmykova et al., 
2018) 

CE-driven Taxation Increasing taxes on 
technologies, products, and 
inputs that are associated 
with harmful effect and 
reducing tax on renewable, 
secondary, or bio-based 
resources  

(b) Sourcing 
Material 

substitution 
Increasing the use of more 
available for renewable and 
minimize use of scare and 
non-recyclable resources 

(Kalmykova et al., 2018;  
Lüdeke-Freund, et al., 
2019) 

Green procurement Sourcing with inputs with 
the same functional level but 
with the high potential of 
reuse and less impact on the 
environment  

Green logistics and 
transportation 

Optimizing transportation 
networks to promote cost- 
effective, timesaving, and 
environmentally safe 
distribution and post- 
consumer collection and 
disposal  

Life Cycle 
Assessment 

Integrated environmental 
impact assessment approach 
to quantify over the whole 
lifecycle of a product, 
pollution and resources used 
and the associated 
environmental and health 
impacts and resource 
depletion issues  

(c) Product development 
Eco-design Early thinking of the 

environmental impact of 
products since the design 
phase to create sustainable 
products and solutions 

(Nascimento et al., 2019;  
Friesike et al., 2019 ;  
Kalmykova et al., 2018 ;  
Lüdeke-Freund et al., 2019) 

Made to order Customizing and tailoring 
products to the exact need of 
consumers to reduce waste 
and prevent over- 
production.  

Design for 
disassembling and 
reuse 

Considering the need for 
disassembling products for 
repair, refurbishment, or 
recycling since the design  

Reduction Designing products that 
reduce the involvement of 
finite resources and 
nonrenewable resources  

(d) Production 
Resources efficiency Reducing resources and 

energy involved in the 
production processes 

(Kalmykova et al., 2018 ;  
Lüdeke-Freund, et al., 2019 
; Sehnem et al., 2019) 

Extended Producer 
Responsibility 

Extending the producer’s 
responsibility for a product 
to include the post- 
consumer stage of a 
product’s life cycle  

Dematerialization Increasing the non-material 
proportion of a product 
during manufacturing 
(catalogs in digital formats)  

(e) Maintenance and lifetime extension 
Remodeling/ Repair Restoring a product or 

replacing some of its 
components to extend its 
lifespan. 

(Sehnem et al., 2019;  
Lüdeke-Freund, et al., 2019; 
Kalmykova et al., 2018 ;  
Jabbour et al., 2019)  

Table 1 (continued ) 

BDDCE Practices Description References 

Reuse Re-utilizing a product or a 
part of it after upgrading or 
modifications for the same 
function as was used 
previously  

Repurposing Re-utilizing a product or a 
part of it after upgrading or 
modifications for a different 
function.  

Remanufacturing Re-conditioning of used 
products to re-integrate 
them into the market to earn 
a second or third income.  

Refurbishment Rebuilding a product by 
repairing or replacing 
defective components with 
reusable ones  

(f) Use and consumption 
Product sharing Promoting shared 

ownership and access to 
products to maximize their 
use and value. 

(Kalmykova et al., 2018;  
Lüdeke-Freund, et al., 
2019) 

Stewardship Assuming the responsibility 
in saving common resources 
via conservation, recycling, 
regeneration, and 
restoration.  

Socially responsible 
consumption 

Fostering social 
responsibility in purchasing 
an eco-labeled product and 
contributing to minimizing 
environmental impact.  

(g) End-of-life management 
Recycling/ 

Cascading 
Maximizing resource 
effectiveness by reusing 
products in their end-of-life 
to create the most economic 
value over multiple 
lifetimes. 

(Lüdeke-Freund et al., 
2019; Nascimento et al., 
2019; Bruel et al., 2019;  
Kasulaitis et al., 2019;  
Reike et al., 2018) 

Waste management Collecting, sorting, 
separating, and landfilling 
waste to underpin its 
revalorization  

Re-mining Extracting used materials 
from landfills for 
revalorization purposes.  

Industrial symbiosis Closing the loop of a waste 
material lifecycle by 
introducing it as raw 
material and input of 
another process.  

Energy recovery Generating energy from 
non-recyclable waste and 
materials.   
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systems (Rajput and Singh, 2019; Kamble & Gunasekaran, In-press). 
The BDDCE practices observed from the literature were subjected to 

validation from the industry practitioners to ascertain their relevance to 
the auto-component manufacturing firms. The subjective validity was 
performed by a group that consisted of fifteen experts from the industry. 
The experts represented different functional backgrounds, had rich 
experience (average of 23.27 years) and held senior positions like Vice 
President, Senior Manager, Associate Manager, and Director. Out of the 
fifteen, three of them were from design, three of them were from pur-
chasing and supply, two of them were from logistics & distribution, and 
seven of them were from the production function and represented ac-
tivities that included maintenance (two of them), quality (one of them), 
and manufacturing (five of them). The researchers shared the BDDCE 
practices identified from the literature with the experts to check their 
relevance to the auto-component industry. The experts could change the 
terms to match the industry dialect to understand the automotive 
industry’s practices. Four group meetings were held with the partici-
pation of three to four experts. The meetings were conducted online, 
with two of the researchers acting as the session moderators. The final 
list of the BDDCE practices is presented in Table 2. 

The measurement instrument included twelve BDDCE practices, as 
shown in Table 2. A linguistic scale was used to capture the data from the 
multiple groups in the supply chain. The scale varied from 1 to 5, where 
1 represented the least important BDDCE practice, and 5 meant the 
highly important BDDCE practice. As discussed, the implementation of 
BDDCE practices for the CE environment development requires support 
from various supply chain participants. This study approached three 
groups: purchasing, manufacturing, and the logistics & marketing team 
involved in the finished products’ movement. These groups represent a 
manufacturing firm’s various initiatives to achieve a high level of supply 
chain integration. They are responsible for implementing the effort to 
enhance the internal (manufacturing) and the external (suppliers and 
customers) integration. The team of researchers based in India collected 

the responses from 30 practitioners in each group. The profile of the 
participants is presented in Table 3. 

3.2. The large group decision-making process 

In this study, we used a large group decision-making process devel-
oped by Liu et al. (2016). The methodology used a multi-group deci-
sion-making scenario and first calculated each group’s consensus before 
the final decision is made. The steps, as proposed by Liu et al. (2016), are 
explained below. 

Step 1: Determine the Groupwise percentage distributions on evaluations 
for the different alternatives. 

In this step, an evaluation matrix Di= [dh
ij]n x qi is developed based on 

the responses collected from the participants in each group (Gi) (i = 1, 2, 
3………..m). The evaluation matrix details are then used to construct an 
indication matrix Ii = [Ih

ij]n x qi, Ih
ij being a vector with Ih

ij=(Ih1
ij , Ih2

ij , 
…….. Iht

ij ). The indication matrix will have the binary element values 
such that Ihl

ij = 1 if dh
ij= Sl; Ihl

ij = 0 otherwise, j = 1, 2,…, n, h = 1, 2, ……, qi, 
l = 1, 2,…, t. 

ql
ij is used to represent the number of participants from a specific 

group Gi who rates an alternative Aj as Sl. Then, according to the indi-
cation matrix, Ii = [Ih

ij]n x qi, ql
ij is calculated by 

ql
ij =

∑n

h=1
Ihl

ij , i = 1, 2,……,m, j = 1, 2,……, n, l = 1, 2,…., t. (1) 

Further, the pl
ij represents the percentage of participants from a group 

Gi, who rates the alternative Aj as Sl. Then, according to ql
ij, pl

ij is 
calculated by 

pl
ij = ql

ij

/
qi, i = 1, 2, ….., m, j = 1, 2, ….., n, l = 1, 2,…., t.

(2) 

Then according to p1
ij, p2

ij,…. pt
ij, the percentage distribution on 

evaluations of group Gi concerning alternative Aj is calculated by the 
vector 

pij =
(

p1
ij, p2

ij,…. pt
ij,
)
, I = 1, 2,….,m, j = 1, 2,…., n.

Pij(x) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

P1
ij x = S1

P2
ij x = S2

::

::

Pt
ij x = St

i= 1, 2,…,m.j= 1, 2,…, n.

Step 2: Calculate the GroupWise decision weights for each alternative 
A collective evaluation and decision weights from the multiple 

groups concerning each alternative are then determined using the par-
ticipants’ assessments. Once the decision weights from each group are 
determined, the LGDM facilitator must assign different weights to the 
multiple groups’ evaluations considering the knowledge, experience, or 
benefit demand of the group’s involved LGDM process. These weights 
are referred to as the subjective weights. In LGDM, the number of par-
ticipants is large, leading to differences in their evaluations, and there-
fore, the consensus evaluations are needed to be carefully evaluated. 
These evaluations, referred to as the objective weights of each group, are 
higher if they have a higher consensus. The subjective and objective 
weights are aggregated to determine each group’s decision weights 
before selecting the most desirable alternative. 

The procedure for the calculation of decision weights is as follows. 
Let the vector of subjective weights be denoted by wsub = (wsub

1 , wsub
2 ,

…, wsub
m ). The wsub

i represents the weight of the group Gi such that 

Table 2 
List of big data-driven circular economy practices.  

Big data-driven circular economy 
practices 

Literature support 

Implementation of environment focused 
TQM (BCDDCE1) 

(Kalmykova et al., 2018 ;  
Lüdeke-Freund, et al., 2019) 

Implementation of pollution prevention 
programs (BDDCE2) 

(Liu et al., 2017 ; Chen et al., 2020 ;  
Susanty et al., 2020) 

Emphasis on incorporating 
environmental factors in the internal 
performance evaluation of system 
(BDDCE3) 

(Mastellone, 2020; Zhu et al., 2010;  
Kamble et al., 2020a) 

Management information systems for 
generating the environmental reports 
for internal evaluation (BDDCE4) 

(Zsidisin and Hendrick, 1998; Carter 
et al., 1998) 

Design of products with the intentions to 
minimize consumption of materials 
and energy (BDDCE5) 

(Zhu et al., 2008; Zsidisin and 
Hendrick, 1998) 

Design of products for reuse, recycle, 
recovery of material, parts (BDDCE6) 

(Nascimento et al., 2019; Friesike et al., 
2019; Kalmykova et al., 2018;  
Lüdeke-Freund, et al., 2019) 

Design of processes for waste 
minimization (BDDCE7) 

(Nogueira et al., 2019; Carter et al., 
1998; Zhu et al., 2011) 

Use environmentally friendly packaging 
material (degradable and non- 
hazardous) (BDDCE8) 

(Van Eygen et al., 2018; Zhu et al., 
2010; Lüdeke-Freund et al., 2019) 

Investment recovery (sale) of excess 
inventories/materials at a regular time 
interval (BDDCE9) 

(Carter et al., 1998; Zhu et al., 2011;  
Zsidisin and Hendrick, 1998) 

The regular sale of scrap and used 
materials (BDDCE10) 

(Carter et al., 1998; Zhu et al., 2011;  
Zsidisin and Hendrick, 1998) 

Collection and recycling systems for end- 
of-life products and materials 
(BDDCE11) 

(Lüdeke-Freund et al. 2019; Nascimento 
et al., 2019; Bruel et al., 2019) 

Development of recycling system for used 
and defective products (BDDCE12) 

Lüdeke-Freund et al. 2019; Nascimento 
et al., 2019; Bruel et al., 2019)  
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∑m
i=1wsub

i = 1. The facilitator of the LGDM process assigns the subjective 
weights. The decision weights may be assigned based on the number of 
participants if the facilitator finds that all the groups are equally 
important. In such situations, the weights can be determined by wsub

i = qi 

/
∑m

k=1qk, i = 1, 2, …, m. 
On the other hand, the following procedure is proposed for deter-

mining the objective weights. 
The transformed score set B = {B1, B2,…, Bt} is used for the corre-

sponding linguistic score set S = {S1, S2,…, St} representing Bl = Sl, 
where l = 1, 2, …, t. Hence, the transformed percentage distribution Pij =

(p1
ij , p2

ij,…. pt
ij) concerning the original score set, S will be transformed to 

the score set B, as shown below. 

Pij(x) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

P1
ij x = B1

P2
ij x = B2

::

::

Pt
ij x = Bt

i= 1, 2,…,m.j= 1, 2,…, n.

In such a case, the variance of the percentage distribution (Var (Pij))

is calculated by 

Var
(
Pij
)
=
∑t

i=1
pl

ij

(

Bl −
∑t

k=1
pk

ijB
k

)2

, i = 1, 2, …, m and j

= 1, 2, …, n. (3) 

Let Var(P*) denote the theoretical greatest variance among all 
possible percentage distributions concerning the score set B = {B1, B2,… 
, Bt}, where P* is a unique percentage distribution given by. 

P*(x)= {

0.5, x = B1,

0, x = B2,

::

0, x = Bt− 1,

0.5, x = Bt .

Then the Var(P*) is estimated by 

Var(P * ) = 0.5
[
B1 −

(
0.5B1 + 0.5Bt)]2

+ 0.5
[
Bt −

(
0.5B1 + 0.5Bt)]2 (4) 

Further, the consensus of the evaluations (CIij) within a group con-
cerning an alternative Aj is given by. 

CIij = 1 −

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

Var
(
Pij
)/

Var (P*)

√

, i = 1, 2, …, m and j

= 1, 2, …, n. (5) 

The higher consensus (CIij) from a group, Gi implies that the partic-
ipants within this group have almost equal perceptions of alternative Aj. 
Thus, the consensus (CIij) can be used for determining the objective 
weight of group Gi concerning alternative Aj. The procedure for deter-
mining the objective weight is given below. 

Let wob
ij represent the group weight for an alternative Aj. Then the 

following Eq. (6) can be used to determine the wob
ij . 

wob
ij = {

CIij

/
∑m

k=1
CIkj if

∑m

k=1
CIkj > 0

wsub
i if

∑m

k=1
CIkj = 0

i = 1, 2, …, m, j

= 1, 2, …, n. (6) 

For the above equation, if 
∑m

k=1CIkj=0, then we let wob
ij = wsub

i , 
implying that the subjective weights are used for determining the final 
decision weights. The decision weight (wij) for a group (Gi) concerning 
an alternative (Aj) can be determined by aggregating the subjective and 
objective weights (i.e wsub

i & wob
ij ), as shown below. 

wij = αwob
ij + βwsub

i , i = 1, 2,…,m, j = 1, 2,…, n. (7)  

Where α and β are the positive coefficients such that α + β =1. 
Step III: Develop the collective percentage distributions on evaluations 

concerning alternatives 
In this step, the selected groups’ percentage distributions and deci-

sion weights are aggregated to obtain collective percentage distribution 
to rank the alternatives. Pj = (P1

j , P2
j , . . ., Pt

j) is used to represent the 
collective percentage distribution on evaluations concerning alternative 
Aj, then Pl

j can be calculated as: 

Pl
j =
∑m

i=1
wijpl

ij = w1jpl
ij + w2jpl

2j + … + wmjpl
mj, for j = 1, 2,…n, l = 1, 2,…, t.

(8) 

The next step deals with the ranking of alternatives. 
Step 4: Ranking of alternatives. 
In this step, the ranks are determined to the alternatives. First, the 

Table 3 
Profile of group decision-makers.  

Parameter Details PurchasingGroup(n ¼ 30) ManufacturingGroup(n ¼ 30) Marketing & LogisticsGroup (n ¼ 30) 

Gender  • Male  
• Female 

26 
4 

30 
0 

22 
8 

Age  • Less than 25 years  
• 25–35 years  
• 35–45 years  
• 45–55 years  
• Above 55 years 

0 
10 
12 
04 
04 

0 
7 
16 
4 
3 

0 
22 
6 
2 
0 

Education  • College (Diploma/certificate)  
• Undergraduate  
• Postgraduate/Doctorate 

7 
7 
16 

6 
12 
12 

4 
4 
22 

Experience in 
Manufacturing Industry  

• Less than two years  
• 2–5 years  
• 5–8 years  
• ears  
• 15 years and above 

0 
08 
12 
07 
03 

0 
12 
8 
7 
3 

0 
16 
08 
06 
00 

End Products/Component  • Automobile battery  
• Brake, lever, and clutches  
• Electronic and electrical components  
• Paint/coating/chemical lubricant  
• Gear/transmission  
• Bearings 

04 
03 
07 
06 
06 
04 

06 
05 
08 
06 
3 
2 

03 
05 
06 
06 
05 
05  
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obtained collective percentage distributions are used to arrive at the 
dominance degrees on pairwise comparisons of alternatives. If the col-
lective percentage distributions for two alternatives Aj and Ak, are Pj and 
Pk respectively then the dominance degree of Aj over Ak is represented 
by (Liu et al., 2011): 

rjk =
∑t

l=1

∑l

h=1
pl

jp
h
k − 0.5

∑t

l=1
pl

jp
l
kj, k = 1, 2,…., n, (9)  

and the dominance degree of Ak over Aj is represented by. 

rkj =
∑t

l=1

∑t

h=1
pl

jp
h
k − 0.5

∑t

l=1
pl

jp
l
kj, k = 1, 2,…., n, (10) 

Finally, the pairwise comparison of the matrix can be constructed by 
using the rjk and rkj values for j, k = 1, 2, …., n, 

R =
[
rjk
]

n×n =

A1 A2 ⋯ An
A1
A2
⋮
An

⎡

⎢
⎢
⎣

r11 r12 ⋯ r1n
r21 r22 ⋯ r2n
⋮ ⋮ ⋮

rn1 rn2 ⋯ rnn

⎤

⎥
⎥
⎦

In the above matrix, the diagonal element rjj=0.5, rjk + rkj = 1 
After constructing the pairwise comparison matrix, PROMETHEE II 

(Preference Ranking Organization Method for Enrichment Evaluation) is 
proposed as an optimal ranking procedure for the alternatives. Devel-
oped by Vincke in 1985 (Doumpos and Zopounidis, 2004) PROMETHEE 
method provides the partial ordering of the decision alternatives, 
whereas the advanced version PROMETHEE II method provides the full 
ranking of the alternatives. The procedure for using the PROMETHEE II 
method linking with the above pairwise comparison matrix is listed 
below (Doumpos and Zopounidis, 2004; Liu et al., 2016). 

Liu et al. (2016) has listed the following steps for ranking the 
alternatives. 

Step 1: Determine the deviations based on pairwise comparisons of 
alternatives concerning each criterion. 

Step 2: Construct a relevant preference function for each criterion. 
Step 3: Calculate the global preference index. 
Step 4: Calculate positive and negative outranking flows for each 

alternative; and 
Step 5: Calculate the net outranking flow of each alternative and 

determine a complete ranking of alternatives. 
In the present methodology, steps 4 and 5 are performed as the R 

matrix obtained above is already normalized and represents a global 
preference matrix (Liu et al., 2016). The following two equations get the 
positive and the negative outranking flows for each of the alternatives. 

Φ+
(
Aj
)
= 1

/

n
∑n

k=1
rjk, j = 1, 2,…, n, (11)  

Φ−
(
Aj
)
= 1

/

n
∑n

k=1
rkj, j = 1, 2,…, n, (12) 

The net outranking flow (ɸ(Aj)), which can be regarded as the 
ranking value of the alternative Aj is then calculated by measuring the 
difference between the dominance and non-dominance degrees of 
alternative Aj calculated using Eqs. (11) and (12). 

Φ
(
Aj
)
= Φ+

(
Aj
)
− Φ−

(
Aj
)
, j = 1, 2,…, n.

The higher value of ɸ(Aj) signifies the importance of the alternative 
Aj and will be ranked higher. 

The four-step LGDM technique proposed by Liu et al. (2016), as 
discussed above, was used to determine the BDDCE practices’ signifi-
cance. The results and discussion are presented in the following section. 

4. Analysis and findings 

4.1. Percentage distribution of the bddce practices 

The collected information was analyzed using the LGDM analysis 
discussed in the research methodology section. The first step was to 
compute the percentage distribution of the evaluations done by each of 
the three groups on the selected BDDCE practices. This was done by 
using the binary values from the evaluation matrix using Eqs. (1) and 
(2). The percentage distribution for each BDDCE practice is presented in 
Table 4. 

4.2. Determining the groupwise decision weights for each alternative 

A collective evaluation and decision weights from the multiple 
groups concerning each alternative were determined using the partici-
pants’ assessments on the BDDCE practices. The variance of the per-
centage distribution (Var (Pij)) was calculated using Eq. (3) and 
presented in Table 5. 

Next, the consensus of the evaluations (CIij) within a group con-
cerning the BDDCE practices was calculated using Eq. (4) and 5. The 
values are presented in Table 6. 

The higher CIij values within a group imply that the practitioners 
within this group have almost equal perceptions of the BDDCE. Thus, the 
CIij can be used for determining the objective weight of each concerning 
the BDDCE. Eq. (6) was used to calculate the objective weights (wob

ij ) for 
each BDDCE. The wob

ij values are presented in Table 7. 
Table 8 shows the decision weight (wij) for the three groups con-

cerning each BDDCE practices. These weights were determined by 
aggregating the subjective and objective weights as per Eq. (7). As the 
number of decision-makers in each group was equal (n = 30), the sub-
jective weights assigned was 0.3333 for each group. The α and β values 
used to compute the decision weights were 0.5 and 0.5 (i.e., equal 
weightage for subjective and objective weights). 

4.3. Determining the collective percentage distributions on evaluations 
concerning BDDCE practices 

In this step, the percentage distributions and decision weights of the 
three groups are aggregated to obtain the collective percentage distri-
bution (Pj) to rank the BDDCE practices. 

After obtaining the decision weights for each BDDCE practices 
(Table 9), the PROMETHEE-II was used for ranking the BDDCE 
practices. 

4.4. Ranking of alternatives 

The BDDCE practices determine the ranks. First, the obtained col-
lective percentage distributions were used to arrive at the dominance 
degrees on pairwise comparisons of the BDDCE practices using Eqs. (9) 
and 10, presented in Table 10. 

The net outranking flow or the relative dominance value (ɸ (Aj)) was 
calculated for each of the BDDCE practices by measuring the difference 
between the dominance and non-dominance degrees of the BDDCE 
practices using Eqs. (11) and (12). The high values of ɸ (Aj) indicates the 
importance of BDDCE practices and is ranked higher. The final ranks are 
presented in Table 11. 

5. Discussion and implications 

The study’s findings revealed the significant BDDCE practices based 
on the consensus of the multiple groups in the supply chain. The ma-
jority of the previous studies using the LGDM techniques clustered the 
decision-makers into different groups based on their preferences or 
evaluation concerning the alternatives. However, in this study, the 
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groups were pre-defined and represented various stakeholders in a 
supply chain, making the results more realistic. The present research 
design encouraged participation from a large number of decision- 
makers representing different functions of a supply chain. 

In the purchasing group, the consensus values were observed to be 
high for the BDDCE practices; namely, design of products with the in-
tentions to minimize consumption of materials and energy (BDDCE5), 

design of products for reuse, recycle, recovery of material, parts 
(BDDCE6), and design of processes for waste minimization (BDDCE7). 
The consensus was low for BDDCE practices, namely, developing a 
recycling system for used and defective products (BDDCE12) and 
implementing pollution prevention programs (BDDCE2). This implied 
that the decision-makers dealing with the supplier integration initiatives 
felt that the BDDSC practices should focus more on minimizing the 

Table 4 
Groupwise percentage distribution of the BDDCE practices.  
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Table 4 
Continued.  

Table 5 
The variance for the BDDCE practices based on the group evaluations.  

BDDCE 
Practices 

Purchasing 
Group 

Manufacturing 
Group 

Marketing & 
Logistics Group 

BDDCE1 1.312 1.165 1.271 
BDDCE2 1.626 1.378 1.823 
BDDCE3 1.306 1.426 1.446 
BDDCE4 1.378 1.822 1.193 
BDDCE5 0.862 0.782 1.427 
BDDCE 6 0.995 0.956 1.184 
BDDCE7 0.956 0.982 0.951 
BDDCE8 1.365 1.290 1.893 
BDDCE9 1.328 1.872 0.982 
BDDCE10 1.315 1.056 1.462 
BDDCE 11 1.365 1.893 0.862 
BDDCE12 1.626 1.928 0.535  

Table 6 
The GroupWise consensus on BDDCE practices.  

BDDCE 
Practices 

Purchasing 
Group 

Manufacturing 
Group 

Marketing & 
Logistics Group 

BDDCE1 0.4272 0.4602 0.4351 
BDDCE2 0.3623 0.4129 0.3251 
BDDCE3 0.4285 0.4028 0.3988 
BDDCE4 0.4129 0.4564 0.4533 
BDDCE5 0.5357 0.5578 0.4037 
BDDCE 6 0.5011 0.5110 0.4564 
BDDCE7 0.5110 0.5045 0.5110 
BDDCE8 0.4157 0.4321 0.3120 
BDDCE9 0.4236 0.3159 0.5045 
BDDCE10 0.4265 0.4877 0.3954 
BDDCE 11 0.4157 0.3120 0.5357 
BDDCE12 0.3623 0.3056 0.5357  
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consumption of raw material, should plan for reuse, recycle, recovery of 
material, parts, and reduction of the process waste at the design stage 
(Kamble and Gunasekaran, In press). 

In the manufacturing group, the consensus values were high for the 
design-related aspects and matched with the purchasing group’s 
consensus. However, their agreement varied across the other BDDCE 
practices and was low for "generating the environmental reports for 
internal evaluations" (BDDCE4) and "sale of excess inventories or ma-
terials at a regular time interval" (BDDCE9). They felt that these were 
not effective measures to develop a BDDCE environment. In the third 
group, i.e., logistics and marketing function, the highest consensus was 
to "collection and recycling systems for end-of-life products and mate-
rials" (BDDCE11) and "develop a recycling system for used and defec-
tive" (BDDCE12). The least consensus was for the "implementation of 
pollution prevention programs" (BDDCE2) and "the use of environ-
mentally friendly packaging material (degradable and non-hazardous)" 
(BDDCE8). This group’s findings imply that they were more concerned 
about their interaction with the customers and how they can collect and 
recycle the used products solving the customers’ issues while disposing 
of the products. The findings indicate that the consensus between the 
group members varies according to their function and is highly depen-
dent on the activities and the interactions they have with the different 
stakeholders in the supply chain. 

The ranking of the alternatives based on the collective consensus of 
all the three groups identified "the design for processes for waste mini-
mization" (BDDCE7) as "the essential practice followed by the design of 
products for reuse, recycle, recovery of material, parts" (BDDCE6), 
"design of products with the intentions to minimize consumption of 
materials and energy" (BDDCE5), "deployment of management infor-
mation systems for generating the environmental reports for internal 
evaluation" (BDDCE4) and "emphasizing on incorporating ecological 
factors in the internal performance evaluation of system" (BDDCE3). The 
least ranked BDDCE practices included "the regular sale of scrap and 
used materials" (BDDCE10) and "the implementation of pollution pre-
vention programs" (BDDCE2). 

Table 7 
The objective weight for BDDCE practices.  

BDDCE 
Practices 

Purchasing 
Group 

Manufacturing 
Group 

Marketing & 
Logistics Group 

BDDCE1 0.3231 0.3480 0.3290 
BDDCE2 0.3293 0.3753 0.2954 
BDDCE3 0.3483 0.3274 0.3242 
BDDCE4 0.3122 0.3451 0.3427 
BDDCE5 0.3578 0.3725 0.2696 
BDDCE 6 0.3413 0.3480 0.3108 
BDDCE7 0.3348 0.3305 0.3348 
BDDCE8 0.3584 0.3726 0.2690 
BDDCE9 0.3405 0.2539 0.4055 
BDDCE10 0.3257 0.3724 0.3019 
BDDCE 11 0.3290 0.2470 0.4240 
BDDCE12 0.3010 0.2539 0.4451  

Table 8 
Decision weights of the three groups.  

BDDCE 
Practices 

Purchasing 
Group 

Manufacturing 
Group 

Marketing & 
Logistics Group 

BDDCE1 0.3231 0.3480 0.3290 
BDDCE2 0.3293 0.3753 0.2954 
BDDCE3 0.3483 0.3274 0.3242 
BDDCE4 0.3122 0.3451 0.3427 
BDDCE5 0.3578 0.3725 0.2696 
BDDCE 6 0.3413 0.3480 0.3108 
BDDCE7 0.3348 0.3305 0.3348 
BDDCE8 0.3584 0.3726 0.2690 
BDDCE9 0.3405 0.2539 0.4055 
BDDCE10 0.3257 0.3724 0.3019 
BDDCE 11 0.3290 0.2470 0.4240 
BDDCE12 0.3010 0.2539 0.4451  

Table 9 
Collective percentage distribution for the BDDCE practices.  

BDDCE 
Practices 

Evaluation Scale 
Not at all 
important 

Slightly 
important 

Important Fairly 
important 

Very 
important 

BDDCE1 0.066667 0.066667 0.222565 0.389865 0.254237 
BDDCE2 0.147708 0.153029 0.313637 0.192813 0.192813 
BDDCE3 0.066667 0.066667 0.278973 0.255859 0.331835 
BDDCE4 0.043741 0.077073 0.265648 0.266667 0.346873 
BDDCE5 0.017976 0.10262 0.19314 0.340193 0.346071 
BDDCE 6 0.033333 0.064411 0.206864 0.347188 0.348204 
BDDCE7 0.033333 0.033333 0.133333 0.388983 0.411017 
BDDCE8 0.093568 0.08413 0.192626 0.297465 0.332212 
BDDCE9 0.067189 0.182351 0.224869 0.293703 0.231888 
BDDCE10 0.075175 0.172826 0.336446 0.258187 0.157367 
BDDCE 11 0.095998 0.094098 0.227431 0.300407 0.282067 
BDDCE12 0.080879 0.133761 0.22696 0.26938 0.28902  

Table 10 
Dominance Matrix for the BDDCE practices.     

BDDCE1 BDDCE2 BDDCE3 BDDCE4 BDDCE5 BDDCE6 BDDCE7 BDDCE8 BDDCE9 BDDCE10 BDDCE11 BDDCE112   

BDDCE1 0.500 0.371 0.508 0.524 0.548 0.553 0.610 0.512 0.440 0.382 0.480 0.472   
BDDCE2 0.629 0.500 0.629 0.645 0.667 0.673 0.719 0.626 0.567 0.524 0.601 0.592   
BDDCE3 0.492 0.371 0.500 0.515 0.536 0.542 0.594 0.502 0.434 0.382 0.472 0.465   
BDDCE4 0.476 0.355 0.485 0.500 0.521 0.527 0.579 0.487 0.418 0.365 0.457 0.449   
BDDCE5 0.452 0.333 0.464 0.479 0.500 0.506 0.560 0.467 0.396 0.341 0.435 0.429 

R ¼ BDDCE 6 0.447 0.327 0.458 0.473 0.494 0.500 0.555 0.462 0.390 0.334 0.430 0.423   
BDDCE7 0.390 0.281 0.406 0.421 0.440 0.445 0.500 0.413 0.340 0.282 0.379 0.374   
BDDCE8 0.488 0.374 0.498 0.513 0.533 0.538 0.587 0.500 0.435 0.384 0.471 0.465   
BDDCE9 0.560 0.433 0.566 0.582 0.604 0.610 0.660 0.565 0.500 0.451 0.536 0.529   
BDDCE10 0.618 0.476 0.618 0.635 0.659 0.666 0.718 0.616 0.549 0.500 0.588 0.578   
BDDCE 11 0.520 0.399 0.528 0.543 0.565 0.570 0.621 0.529 0.464 0.412 0.500 0.493   
BDDCE12 0.528 0.408 0.535 0.551 0.571 0.577 0.626 0.535 0.471 0.422 0.507 0.500  

Table 11 
Ranks obtained for the BDDCE practices.  

BDDCE practices Relative dominance value Rank 

BDDCE7 0.227 1 
BDDCE6 0.121 2 
BDDCE5 0.101 3 
BDDCE4 0.068 4 
BDDCE3 0.040 5 
BDDCE8 0.031 6 
BDDCE1 0.024 7 
BDDCE11 − 0.034 8 
BDDCE12 − 0.055 9 
BDDCE9 − 0.095 10 
BDDCE10 − 0.199 11 
BDDCE2 − 0.228 12  
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5.1. Theoretical contributions 

Big data plays a significant role in facilitating the implementation of 
CE practices in an organization (Kamble and Gunasekaran, In-press). 
The desired information for decision-making is collected from different 
stakeholders, wherein a large number of decision-makers take part in the 
decision-making process. Therefore, the consensus from various stake-
holders on the information for CE’s successful implementation is highly 
critical. The study’s main contribution is an LGDM technique that uses a 
multi-group perspective to identify the best BDDCE practices in an 
automotive supply chain. This is one of the first studies that use an 
LGDM approach to link big data and circular economy practices to 
provide a potential means for prioritizing policy options on imple-
menting CE practices in manufacturing organizations. The study con-
tributes to the literature by identifying the significant BDDCE practices 
that will help organizations achieve a circular economy for sustainable 
development goals. The proposed LGDM technique encourages different 
stakeholders’ involvement in the decision-making process compared to 
conventional decision-making techniques that involve a few people. 
Hence, the study addresses the significant gap identified in the litera-
ture, suggesting that the big data shows excellent compatibility with 
sustainability-related issues and supports developing a closed-loop 
business model (Gupta et al., 2019; Jabbour et al., 2019). The man-
agers can effectively pursue CE with a comprehensive discussion on the 
use of largescale and complex dynamic data (Nobre and Tavares, 2017). 

It is observed from the above findings that the LGDM technique 
adopted in this study reveals the preference for designing processes for 
waste minimization, reuse, recovery of material, parts, and reduce the 
consumption of materials and energy. These practices mainly lead to the 
outcome of cost reduction. Cost reduction has been the prime opera-
tional strategy deployed by Original Equipment Original Manufacturers 
(OEMs), requiring them to offer products or services above the industry 
standards with a premium (Ge and Jackson, 2014). The auto-component 
manufacturers may have succeeded in achieving high production effi-
ciency levels but are under tremendous pressure to reduce operating and 
manufacturing costs (Kamble et al., 2020c). Industry 4.0 technologies, 
coupled with lean manufacturing principles, are widely used in the 
auto-component industry to reduce manufacturing waste and achieve 
sustainable performance outcomes (Kamble et al., 2020a, 2020c). 
Therefore, the multi-group decision-makers in the present study believe 
that BDDCE practices may further augment their efforts in this direction. 

Consequently, it is implied that the availability of high-quality data 
using emerging technologies will support the manufacturing companies 
in building a lean and circular environment (de Oliveria and Soares, 
2017). The results support the proposition presented by Jabbour et al. 
(2019) that innovative efforts from multiple stakeholders are needed to 
develop new business models based on circularity. The CE initiatives’ 
success depends on the stakeholder’s engagement with its business goals 
and will require new skills from suppliers and manufacturers (Jabbour 
et al., 2019). The stakeholders’ differing views on the selected BDDCE 
practices highlight the different stakeholders’ challenges. 

The identification and ranking of the BDDCE practices by the multi- 
group participants in the auto-component supply chain indicate that the 
BDDCE practices result from how well the various CE practices are 
deployed at different levels. The literature identifies BDDCE practices’ 
implementation at three levels, namely, micro, meso, and macro (Yuan 
et al., 2006; Geng and Doberstein, 2008). At the micro-level, the BDDCE 
practices are implemented at an organizational level and focused on 
improving the processes and systems at the single enterprise level. The 
highly ranked BDDCE practices in our study that revolves around the 
concept of cleaner production, green consumption, and product recy-
cling or reuse are the micro-level strategies (Ghisellini et al., 2016; Su 
et al., 2013; Liu et al., 2018). At the Meso level, the organizations look 
for achieving mutual economic and environmental benefits through 
industrial symbiosis by developing eco-industrial parks and sharing of 
resources between them (Côté and Hall, 1995; Cote and 

Cohen-Rosenthal, 1998) whereas, at the macro level, the BDDCE prac-
tices are applied across the regional and national boundaries on effec-
tively and efficiently managing the physical natural resources at a 
geographic region or nation (Murray et al., 2017). Our study’s highly 
ranked preferences indicate that the experts and the auto-component 
industry stakeholders are more concerned about the micro-level 
BDDCE practices and focusing their efforts on enhancing the organiza-
tion’s internal integration. The findings have implications from the 
stakeholder theory perspective, which affirms that the firms tend to 
develop externalities that will affect several stakeholders within the 
supply chain (Freeman et al., 2004; Kamble et al., 2020b). 

5.2. Implications for practice 

The study findings emphasize that the automotive sector has begun 
to see circular and intends to invest more in design and improve end-of- 
life management. Ethical sourcing, searching for sustainable materials, 
using waste as a resource, and product life extension are the critical 
areas for investment that will allow the components manufacturers to 
stay ahead of regulators and match the consumer sentiment (Fearn, 
2020). 

It was revealed during our interaction with the practitioners that the 
growth of the Electric Vehicle (EV) market is mounting increased pres-
sure on the battery value chain, ensuring a sustainable supply chain 
focus on ethical working practices. The ethical sourcing of lithium-ion 
and Nickel-Manganese-Cobalt (NMC) as the electrode material in EVs 
present an immense challenge for automotive companies. Focusing on 
non-leather alternative and sustainable material, Jaguar Land Rover 
uses interior upholstery material made from recycled plastic bottles in 
their premium product line. Also, plastic recycling is gaining much 
importance in EVs offering lightweight features to offset bulky batteries’ 
weight. The above developments, coupled with our findings, imply that 
the automotive companies should invest in advanced material sorting 
and recycling technology enabling waste reuse with a long-term objec-
tive of lowering the cost of recycled material without compromising the 
quality. 

The use of artificial intelligence (AI) and the Internet of Things (IoT) 
in the predictive maintenance of critical components based on historical 
performance data can help the companies to evaluate the condition of 
the vehicles and predict the need for part replacement (Kamble et al., 
2020c). With the high cost of batteries in the EVs, companies will be 
required to adopt battery management systems that minimize the 
overall operating costs. These systems can accurately analyze the con-
dition of the battery and optimize them for more prolonged use. 

6. Conclusions, limitations, and scope for further research 

The present study uses a large group decision-making technique to 
identify and rank the best big data-driven circular economy practices in 
the auto-component industry. Decision-makers from three groups, 
namely, purchasing, manufacturing, and logistics & marketing function, 
participated in this study. First, the consensus on the group members’ 
various practices was determined using the variances in the percentage 
distribution of evaluations. The decision weights for the BDDCE prac-
tices were obtained using the percentage distributions and subjective 
weights assigned to these three groups. The next steps included deter-
mining the dominance degrees on pairwise comparisons of the BDDCE 
practices and ranking them using the PROMETHEE II method. The three 
groups reached a consensus on organizing the BDDCE practices that 
were more inclined towards enhancing the internal supply chain inte-
gration that included practices like minimizing the consumption of raw 
material, should plan for reuse, recycle, recovery of material, parts, and 
reduction of the process waste at the design stage. 

A few generalizations are based on the proposed LGDM technique’s 
findings, which may be considered by the practitioner to avoid ineffi-
cient results. In the absence of strong consensus within each group for 
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ranking a specific attribute, the objective weights tend to be closer to the 
subjective estimates of 1/n, where n represents the number of groups. In 
such a case, the choice of alpha does not influence the ranking of the 
attribute. This represents a case of high deviation within the groups. 
Similarly, if a high variation is observed within a group, the group with 
lower deviations or the high consensus will influence the attribute’s 
overall ranking. Therefore, it is suggested that the decision-makers 
ensure that there is consensus among the group members, or their 
views will not be considered in the overall LGDM process. 

In the future LGDM studies are required to be conducted in different 
industry sectors and compare their findings. This will help understand 
these industries’ focus and BDDCE practices (micro, meso, and macro- 
level). The numbers of groups may be increased by involving the end- 
users and tier-II suppliers to provide more insights from their perspec-
tive. It is recommended that the companies evaluate the consensus on 
the BDDCE across different stakeholder groups on a regular interval (6 
months) to re-evaluate their CE strategies. It is recommended that the 
evaluation should be conducted whenever there are significant tech-
nological developments or changes in the policies affecting any of the 
large decision-making groups. Future studies should establish the de-
pendency relationship between the identified BDDCE practices using 
interpretive structural modeling. Surveys involving stratified sampling 
techniques and analyzing the group differences to identify significant 
BDDCE practices would be engaging. 
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