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ARTICLE INFO ABSTRACT

Keywords: This study determines the potential barriers to achieving circularity in dairy supply chains; it proposes a
Dairy supply chain framework which covers big data driven solutions to deal with the suggested barriers. The main contribution of
Barriers

the study is to propose a framework by making ideal matching and ranking of big data solutions to barriers to
circularity in dairy supply chains. This framework further offers a specific roadmap as a practical contribution
while investigating companies with restricted resources. In this study the main barriers are classified as ‘eco-
nomic’, ‘environmental’, ‘social and legal’, ‘technological’, ‘supply chain management’ and ‘strategic’ with
twenty-seven sub-barriers. Various big data solutions such as machine learning, optimization, data mining, cloud
computing, artificial neural network, statistical techniques and social network analysis have been suggested. Big
data solutions are matched with circularity focused barriers to show which solutions succeed in overcoming
barriers. A hybrid decision framework based on the fuzzy ANP and the fuzzy VIKOR is developed to find the
weights of the barriers and to rank the big data driven solutions. The results indicate that among the main
barriers, ‘economic’ was of the highest importance, followed by ‘technological’, ‘environmental’, ‘strategic’,
‘supply chain management’ then ‘social and legal barrier’ in dairy supply chains. In order to overcome circularity
focused barriers, ‘optimization’ is determined to be the most important big data solution. The other solutions to
overcoming proposed challenges are ‘data mining’, ‘machine learning’, ‘statistical techniques’ and ‘artificial
neural network’ respectively. The suggested big data solutions will be useful for policy makers and managers to
deal with potential barriers in implementing circularity in the context of dairy supply chains.

Circular economy

Big data solution

Fuzzy ANP - VIKOR

Group decision making system

1. Introduction effectiveness and eco-efficiency (Cruz Rios and Grau, 2019).

The circular supply chain is a form of management that enables the

Conserving the earth’s resources is becoming a major issue as the
traditional linear "take, do and throw" model adopted to date is losing its
effect (Ellen MacArthur Foundation, 2013). In this context, the ability to
include wastes in the production loop or to be recycled and used again is
an important solution in terms of conserving resources (Joensuu et al.,
2020). The concept of circular economy (CE), in which recycling, reuse
and reduction principles are adopted, is based on higher resource

use of renewable, recyclable or biodegradable materials (Joensuu et al.,
2020). The adoption of CE in supply chains minimizes waste (Kopyto
etal., 2020) and reduces environmental impact (Clift and Wright, 2000).
Furthermore, CE is extremely important, especially in terms of mini-
mizing the losses in food supply chains (FSCs) (Kumar et al., 2021;
Esposito et al., 2020).

Dairy supply chain management has a delicate structure as food
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losses can be experienced at different stages of the chain. Due to the
perishability of the products, it is necessary to be effective at each stage
of the supply chain (Djekic et al., 2014). In order to prevent wastes from
turning into losses, the CE concept can be adopted and the resulting
wastes can be recaptured in the chain (Sharma et al., 2019). For
example, waste products of dairy products such as whey, can be used as
raw materials or biogas in the framework of CE and sustainability
(Valenti et al., 2020). Recently, one of the most important solutions to
ensure CE (Bag et al., 2020) and sustainability standards in dairy supply
chains has been identified as the use of big data (Liu et al., 2020).

Humanity is no longer dependent on physical data storage elements.
An innovative system called "big data", in which data is collected
increasingly day by day, has been adopted (Sivarajah et al., 2017;
Shamim et al., 2020). Moreover, supply chains generate enormous
amounts of data (Mardani et al., 2020a). Therefore, almost all decisions
taken by industries such as production decisions, deciding on the
products themselves, how much and when to produce, investment etc.
can be made based on this data. In particular, industries attach great
importance to the data in order to reduce risks in their supply chains
(Sivarajah et al., 2017). Businesses and their supply chains can also trust
this data in optimizing their operations and processes (Quieroz et al.,
2020).

Big data applications also provide various benefits to FSCs such as in
data storage and processing of real-time knowledge (Ji et al., 2016).
Therefore, relevant organizations in the FSC can achieve operational
excellence allied with economic value with the help of big data appli-
cations (Liu et al., 2018). Especially in dairy supply chains because of
perishability of products, big data could be vital to manage the supply
chain efficiently (Kamilaris et al., 2017; Singh et al., 2018).

To the best of our knowledge, this is a unique study that considers
identifying barriers to circularity in dairy supply chains and overcoming
those barriers through big data solutions using a hybrid decision model.
The research questions of this study can be specified as;

e RQ1: What are the barriers to circularity in dairy supply chains?

e RQ2: What are the potential big data solutions to overcome
barriers to circularity in dairy supply chains?

e RQ3: What is the ideal matching and ranking of big data solu-
tions to overcome barriers to circularity in dairy supply chains?

To find answers to the above questions, six main barriers and twenty-
seven sub-barriers are identified based on a literature review. Deter-
mining these barriers are the key points to stating that there actually are
main barriers to circularity and also sustainability in dairy supply
chains. The weights of barriers are needed to find practical solutions
based on the importance and impact of each barrier. With these issues in
mind, we aim to find answers to our first research question as mentioned
above. Furthermore, after considering the literature review, there is an
obvious gap around a framework to find big data solutions for dairy
supply chains as mentioned in the second research question. Therefore,
there is a need to understand how big data solutions overcome such
barriers. Subsequently, it is aimed to propose ideal matching and
ranking of big data solutions corresponding to the barriers to find the
best solutions to overcome those barriers as stated in the third research
question. In addition, the case study is conducted in the dairy supply
chain to indicate applicability of this study. As a motivation of the study,
there is a need of analysing circularity of food, especially in dairy supply
chains, and integrating new solutions based on new technologies (Tseng
et al., 2019).

The main contribution of the study is to propose a framework by
making ideal matching and ranking of big data solutions to barriers to
circularity in dairy supply chains. From existing literature, to have
circularity in supply chains, it is crucial to know the barriers to locate
proper solutions (Tseng et al., 2019). The second major contribution of
the study is to determine the importance order by knowing the weights
of the barriers, thus providing a specific roadmap for circularity in the
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dairy sector. Large-scale group decision-making has been adopted to
present the multi-stakeholder structure of the dairy supply chain with a
holistic view.

The remaining sections of this paper are organised as follows. In
Section 2, a literature review is provided. The literature review covers
circularity in dairy supply chains, barriers in circular dairy supply
chains, the need for big data in dairy supply chains and big data solu-
tions in the dairy supply chain. Section 3 covers research methodology.
Section 4 provides a case study. Section 5 presents implications for
policymakers and managers. Finally, Section 6 details the conclusion of
the study.

2. Literature Review
2.1. Circularity in Dairy Supply Chains

CE is a sustainable and innovation-based production model where
different kinds of waste generated in a production system are re-
evaluated, while minimizing the raw material cost and keeping
resource efficiency and environmental benefit at the maximum level
(Chaudhary and Vart, 2020). In a CE, waste is eliminated, materials are
reused and recycled to reduce the industry’s impact on the environment.
CE has also been presented as an important part of sustainability
(Stanchev et al., 2020). The CE focuses on resource use reduction, reuse
and efficiency, while accelerating economic growth and linking directly
to sustainable waste management, material and energy flow and rede-
sign (Blomsma and Brennan, 2017).

Animal husbandry is one of the main types of farming, especially in
emerging economies such as Turkey (FAO, 2013). Animal products and
by-products are crucial for both human nutrition and the country’s
economy (Alao et al., 2017). Dairy products play an important role as
they are extremely important for human nutrition, accounting for about
14% of total calorie consumption (Stanchev et al., 2020). In other words,
dairy products are an essential source of human consumption (Alonso
et al., 2019).

Losses or wastes occur when circularity is ignored across the chain
from the production of dairy products to the consumption stage (Kayikci
et al., 2019). Losses due to technological deficiencies, uncertain opera-
tions, the animal feed, the production and distribution of dairy products,
waste products and how to use waste water have become very important
issues in the dairy sector (Paraskevopoulou and Vlachos, 2020).

Considering the world’s rapidly increasing population growth and
demand increase, it becomes extremely important to minimize losses
and to extract raw materials from waste (Ellen MacArthur Foundation,
2013). At this stage, the adoption of CE in dairy supply chains is the most
important solution.

The dairy industry has waste materials with different characteristics
depending on the product such as yoghurt, cheese, butter, milk, ice
cream etc. (Rocha and Guerra, 2020). By-products contain a variety of
valuable nutrients; so, re-use in the production process ensures the
efficient use of nutrients in raw milk (Banaszewska et al., 2014). For
example, whey is a main by-product of the dairy industry. This is also an
important source of environmental pollution due to the large quantities
generated, the high organic loads and their impact (Asunis et al., 2020).
Whey includes valuable substances containing minerals and lactose such
as functional proteins, peptides, lipids and vitamins. However, whey can
be used in many ways as it is an ingredient in animal feed, food products,
baked goods and beverages (Paraskevopoulou and Vlachos, 2020). It has
also been widely used as a biogas infrastructure in animal feed or in
unprocessed form (Stamatelatou et al., 2014).

In view of these considerations, there are various barriers to adopting
a CE approach in dairy supply chains. These barriers can prevent the
adoption of circularity and sustainability orientation in dairy supply
chains. In the following section, a literature review about barriers in
circular dairy supply chains is discussed.
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2.2. Barriers to Circularity in Dairy Supply Chains

In FSCs, the depletion of natural resources, ascending quality stan-
dards, short shelf life and increasing food security and safety concerns of
consumers have led to environmental degradation. This calls for busi-
ness organizations to adopt sustainability and CE practices despite there
being several barriers linked to this process. However, there are only a
limited number of studies addressing the barriers to CE in the dairy in-
dustry (Bourlakis et al. 2014; Glover et al. 2014; Ghadge et al 2020).

Ghadge et al. (2020) used survey data to determine barriers and their
priorities with the help of a fuzzy analytic hierarchy process to imple-
ment sustainability. They identified two main categories, internal and
external, to classify these barriers. One of the internal barriers in
implementation of CE is the initial cost of investment (Ghadge et al.
2017; Bourlakis et al., 2014). Since the initial implementation costs of
sustainability and transformation to a CE are relatively high, investment
costs pose an important barrier for companies with limited resources.
Schrettle et al. (2014) suggested that it is necessary to effectively
manage financial resources and the skillsets of the workforce to carry out
successful sustainability and CE activities.

As one of the important actors of the global supply chain network,
suppliers are considered as an important factor in the integration of
sustainability practices and cooperation with supply chain partners
(Grimm et al. 2014). The problem of supplier’s commitments to sup-
porting environmentally friendly initiatives for sustainability manage-
ment can be caused by lack of information sharing in an FSC context
(Mudgal et al., 2010; Schrettle et al. 2014; Ghadge et al. 2020). As a
result of this, collaboration of all actors in the dairy supply chain is
necessary to develop a sustainable environment (Govindan et al., 2014).
Farooque et al. (2019) determined and investigated the causality re-
lations of barriers to circular FSCs. Their study identified eight different

CONTS

barriers in FSC; these are “lack of financial resources”, “limited exper-

» <

tise, technology, and information”, “organizational culture and man-
agement”, “uncertainty about benefits”, “lack of economies of scale”,
“weak environmental regulations and enforcement”, “lack of market
preference/pressure” and “lack of collaboration/support from supply
chain actors”.

Organizations can adopt CE as a strong conceptual idea for planning
and creating closed loop systems; they can further implement this
concept to enhance food security and decrease food waste and spoilage
(Pheifer, 2017; Kirchherr et al., 2017). These losses arise from the
perishable and dynamic nature of food products and how they are
managed (Tseng et al., 2018). Besides, the short shelf life of dairy
products also creates issues in storage and the transportation stage of
supply chains (Ghadge et al. 2020; Simms et al, 2020). Tseng et al.
(2019) stated that technology and industry 4.0 tools can be used to
tackle such challenges in dairy supply chains.

The food industry has a negative effect on environmental factors
because of the lack of effective food processing and packaging systems
(Zeng et al., 2021); huge amounts of food are also wasted. Simms et al.
(2020) suggested that eco-innovation and technological improvements
have several benefits to reduce these negative environmental effects.
Besides, through an efficient technological process in dairy supply
chains, various advantages such as waste hindering and reduction,
reuse, energy recovery, recycling and disposal are provided. However,
lack of integration between technological processes (Powell et al. 2017;
Gianni et al. 2017) and eco-efficiency can cause important challenges in
minimizing food waste, unnecessary material usage and inefficient
resource usage (Simms et al. 2020). IMSA (2013) and Mont et al. (2017)
highlighted that innovative circular business models can decrease waste
and promote more efficient resources to achieve sustainable competitive
advantages. Prior studies have considered eco-innovation adaptation as
a barrier due to the lack of awareness and knowledge on sustainable and
technological improvements (Long et al., 2016; Song et al., 2019; Shao
et al., 2020). Moreover, eco-innovation processes and applications of CE
activities require financial investment (Ghadge et al. 2017; Mont et al.,
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2017; Urbinati et al. 2018). Prendeville and Bocken (2017) suggested
that the transition to CE needs research and development costs; these
include the creation of new complementary network structures, product
remarketing, remanufacturers and establishing reversing logistics com-
panies. Therefore, increased research and development costs and lack of
economic incentives in implementing CE can be considered as barriers to
the dairy supply chain (Markianidou, 2015; Spaini, 2017; Mazzanti
et al., 2016; Ghisellini and Ulgiati, 2020). In addition, IMSA (2013)
stated that technical infrastructure deficiency is also a problematic issue
for adopting CE. At the same time, businesses also need to improve their
ability in using digital technologies (Hadar et al., 2015).

The lack of cooperation between supply chain actors has emerged
with inadequate knowledge transfer between different partners
(Despoudi, 2020; Schrettle et al., 2014; Eastwood et al., 2012). All actors
through the dairy supply chain should integrate to create value. As a
result, there is a need for collaboration and coordination among stake-
holders to improve dairy production systems by sharing knowledge and
resources (Bonamigo, 2016; do Canto et al., 2020). Khalafi et al. (2020)
stated that green supply chain (GSC) incentives can improve the overall
performance.

The ability to access data about where and how a product is made is a
key issue in a food value chain. Lack of transparency and information
sharing can hinder innovations in the dairy supply chain (Dolinska and
d’Aquino, 2016; Bonamigo, 2016) leading to inadequate interaction
between actors.

In addition, Yakovleva (2007) and Ghadge et al. (2020) stated that
efficient use of natural resources, the development of sustainable food
processes and the creation of safe, healthy and nutritious food for con-
sumers are significant challenges; addressing these is difficult due to the
complex and dynamic structure of a food value chain.

The safety and quality of dairy products affects the welfare of the
consumer and has a direct impact in achieving higher competitive
advantage in the dairy supply chain. According to Pant et al. (2015)
public awareness of the need for increased food security, improved
safety and better value of dairy products can only be achieved through
supply chain traceability, transparency, data security and integrity
(Roth et al. 2008; Ding et al. 2019). Agenbag and Lues (2009), Bailey
and Garforth (2014) and Simms et al. (2020) concluded that a lack of
quality control and assurance, the inadequacy of legal systems to build a
circular system (Simms et al. 2020; Ghadge et al. 2020), lack of enter-
prise policies and missions in CE adoption plus inadequacies in envi-
ronmental standards in the adoption of CE are considered as the major
challenges to achieving sustainable competitive advantage (Pant et al.
2015; Ding et al. 2019; Simms et al., 2020).

With senior management support and commitment, the need to
regulate dairy activity restrictions, increase productivity and improve
technology can be improved (Somda et al. 2005; Ferenhof et al. 2019;
Markard, 2020). Lamprinopoulou et al. (2014) highlighted the impor-
tance of innovation in creating shared value, suggesting that lack of
management support can be a significant barrier to enhancing high
technology adoption levels in the dairy supply chain. Failure to procure
the support of top management and lack of coordination among all
stakeholders in the supply chain emerged as important barriers in
achieving CE in the dairy supply chain (Ferenhof et al. 2019).

Current literature shows that it is important to determine barriers to
circularity in the dairy supply chain. It is necessary to tackle the chal-
lenges faced in economic, social and legal, environmental and techno-
logical facets of supply chain management in order to gain competitive
advantages. Therefore, this study needs to address the barriers suggested
in Table 1 to create more sustainable and circular dairy supply chains.
27 barriers have been identified with six main dimensions developed to
determine the challenges when implementing CE in the dairy sector.

When considering by-products derived from dairy products, it is
important to take a holistic and integrated approach to CE (Fassio and
Tecco, 2019). However, to manage dairy supply chains in the CE
context, some innovative big data solutions can be considered
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Table 1

Barriers to Circularity in Dairy Supply Chains

Main Dimensions

Barriers

Author(s)

ECONOMIC
DIMENSIONS

SOCIAL AND LEGAL
DIMENSIONS

ENVIRONMENTAL
DIMENSIONS

TECHNOLOGICAL
DIMENSIONS

SUPPLY CHAIN
MANAGEMENT
DIMENSIONS

STRATEGIC
DIMENSIONS

Lack of economic
incentives by
implementing CE

High cost of
implementation of
various ‘R’ initiatives
Increased research and
development cost

High investment cost for
circular system
transformation
Inadequacy of legal
systems to build a circular
system

Inadequate knowledge
transfer between different
partners

Lack of skilled workforce
to implement CE

Lack of supplier’s
commitment in building a
circular system

Inefficient environmental
standards for CE adoption

Problems related to
carbon emissions while
closing the loop of supply
chain

Lack of efficient use of
resources

Lack of incentives for GSC
Issues related to data
security, integration and
privacy

Technical infrastructure
deficiency in CE adoption
Lack of integration
between technological
processes and eco-
efficiency

Lack of implementation of
emerging technologies
Difficulties in establishing
the balance between
supply and demand

Little understanding and
knowledge about CE in
dairy supply chain
Inefficient information
sharing system across the
value chain

Lack of transparency
across the value chain

Inability to cope with the
dynamic nature and
complexity of the dairy
supply chain

Shorter product life style

Lack of enterprise policies
and missions in CE
adoption

Inefficient top
management
commitment and support

Mazzanti et al., 2016;
Ghisellini and Ulgiati, 2020

Bourlais et al, 2014;
Ghadge et al., 2020

Markianidou 2015; Spaini

2017; Urbinati et al., 2018;
Micoli 2018; Ghisellini and
Ulgiati, 2020

Ghadge et al., 2017; Mont

et al., 2017; Ghadge et al.,

2020

Pheifer, 2017; Simms et al.,
2020; Ghadge et al., 2020

Eastwood et al., 2012;
Schrettle et al., 2014;
Ferenhof et al., 2019;
Despoudi, 2020
Schrettle et al., 2014;
Farooque et al., 2019
Mudgal et al., 2010;
Gualandris and
Kalchschmidt, 2014;
Schrettle et al., 2014;
Ghadge et al., 2020
Agenbag and Lues 2009;
Bailey and Garforth, 2014;
Farooque et al., 2019
Jouzdani and Govindan,
2020

Simms et al.. 2020; Powell
et al., 2017; Gianni et al.,
2017

Khalafi et al. 2020

Roth et al., 2008; Pant

et al., 2015; Ding et al.,
2019

IMSA, 2013

Urbinati et al., 2018;
Micoli, 2018; Farooque
et al., 2019; Simms et al.,
2020

Farooque et al., 2019;
Tseng et al.,2019

Tseng et al., 2018; Tseng
et al., 2019

Eastwood et al., 2012;
Bonamigo et al., 2016;
Long et al., 2016
Dolinska and d’Aquino,
2016; Bonamigo, 2016

Roth et al., 2008; Pant
et al., 2015; Ding et al.,
2019

Yakovleva 2007; Ghadge
et al. 2020

Ghadge et al., 2020;
Simms et al., 2020

Pant et al., 2015; Ding

et al., 2019; Simms et al.,
2020

Somda et al., 2005;
Lamprinopoulou et al.,
2014; Ferenhof et al., 2019
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Table 1 (continued)

Main Dimensions Barriers Author(s)

Lack of collaboration,
coordination and
cooperation among
stakeholders

Bonamigo et al., 2016;
Mont et al., 2017; Ferenhof
et al., 2019; Farooque

et al., 2019; Simms et al.,
2020; Ghadge et al., 2020;
do Canto et al., 2020

Lack of effective business IMSA 2013; Mont et al.,
models and frameworksin 2017

implementing CE

Issues related to cultural
change during CE
adoption

Kirchherr et al., 2018;
Pheifer 2017; Farooque
et al., 2019

(Kamilaris et al., 2017; Mani et al., 2017; Liu et al., 2020). The need for
big data solutions to achieve circularity in dairy supply chains is
explained in detail below.

2.3. Big Data in the context of Dairy Supply Chains

Recently, supply chains have been transformed into a complex
structure in the increasingly competitive business environment (Rajesh,
2017; Quieroz et al., 2020). In order to survive in this competitive
environment, businesses act according to the data they collect; this in-
cludes making general production decisions, deciding which products
will be produced for how much and when (Rialti et al., 2020). However,
such data is vital not only for production but is needed at every stage of
the supply chain (RoSmann et al., 2018; Maheshwari et al., 2021).

Big data applications have now been extended to different areas such
as health (Liao et al., 2018), finance, intelligence, tourism, education,
food and marketing technologies (Papadopoulos et al., 2021; Wang
et al., 2020). The food sector, one of the most comprehensive and topical
areas, is also influenced by the power of big data and advanced
analytical technologies; this change manifests itself at every stage from
food production to the consumer, starting from agricultural processes
(Kamble et al., 2020; Kazancoglu et al., 2021).

It has become important to obtain real-time and accurate data in
order to reduce food losses in dairy supply chains, ensure sustainability
and survive in the competitive environment; this is especially relevant
due to perishability and the short shelf life of dairy products (Gholiza-
deh et al., 2020). The dairy supply chain consists of production of feed
for animal, dairy production, dairy product transportation, processing,
packaging, distribution, retail and consumer (Glover, 2020).

Losses in dairy products are experienced at different stages of the
supply chain, from procurement and production to the time it reaches
the customer (Stanchev et al., 2020). There are many reasons for these
losses such as animal diseases, deficiencies in slaughtering, technology
deficiencies or unregistered production. As an important food source,
dairy products need control at each stage of the supply chain (Cannas
et al., 2020). For example, milk, one of the main dairy products, pro-
duced after milking should be cooled at 4C within a certain period of
time (SNV, 2017). Having a temperature control inside the tank to be
used for cooling the milk and connecting the system to the internet with
the correct data formation will produce the necessary information dur-
ing the cooling stage of the milk (Balaman, 2019). In order to be suc-
cessful in reaching the consumers of perishable dairy products, accurate
and real-time data flow is required (Yu et al., 2020). Sensors to collect
data with radio frequency identification systems or cameras etc., they
undertake functions in scales (He et al., 2020).

Big data can be used as a solution to overcome CE barriers in dairy
supply chains. Big data analytics is a powerful technology-based in-
dustry 4.0 tool to cope with the development of the transformation of
GSC networks by increasing information sharing among stakeholders by
providing real-time information flow and sharing facilities (Shamim
et al., 2020).
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The present work focuses on seven types of big data techniques;
optimization, data mining, machine learning, cloud computing, statis-
tical techniques, artificial neural network and social network analysis
can overcome the barriers encountered in adopting the CE in the dairy
supply chain. The challenges confronted in economic, environmental,
technological and supply chain dimensions can be tackled with one of
the big data solutions, machine learning. Machine learning operates by
learning behaviours through simulations, by constantly exploring
existing knowledge structures, thus creating new information to support
decision making (Huo and Chaudhry, 2020; Liu et al., 2020). Machine
learning increases the cost effectiveness of reproduction processes by
dealing with uncertainties in prices, customer behaviours, markets and
competitors (Carbonneau et al., 2008; Seyedan and Mafakheri, 2020;
McKinsey and Company, 2020). Information sharing problems where
stakeholders need to be related with the system can be overcome by
managing uncertainties (Raut et al. 2019). The high cost of imple-
mentation of various ‘R’ initiatives allied with higher research and
development costs can be decreased through machine learning as well
(Seyedan and Mafakheri, 2020; McKinsey and Company, 2020; Chal-
meta and deLeon, 2020). Machine learning encourages businesses to
evaluate their environmental performance focused data such as CO5
emissions and build insights to improve their green performance (Wu
et al., 2016; Shabanpour et al., 2017; Mardani et al., 2020b; Liu et al.,
2020). Developing efficient environmental standards for CE adoption
becomes possible (Wu et al. 2016; Dubey et al. 2015).

The optimization models include genetic algorithms, simulated
annealing, tabu search and evolutionary algorithms (Hedar and
Fukushima, 2006). Searches are made to find optimal solutions under
the constraints. The above-mentioned models could also be effective in
dealing with environmental risks by modelling the environmental im-
pacts of the value chain operations, such as the effective use of resources
(Dekker et al. 2012; Liu et al., 2020). Meneghetti and Monti (2015) and
Seyedan and Mafakheri (2020) suggested that optimization tools can be
used to deal with high investment and implementation costs for circular
system transformation in unforeseen demand forecasts. Optimization
models provide a data driven decision-making environment for supply
chain managers to increase a firm’s performance (Martinez-Caro et al.,
2020). Using this model, managers can deal with barriers such as lack of
effective business models and frameworks in implementing CE (Zhao
etal., 2017; Niu and Zou 2017). The nature of supplier relationships and
supplier commitment to the processes in CE is an important indicator for
effective supply chain design. Therefore, optimization models ensure the
best supplier options by dealing with multiple uncertainty factors
(Singh et al. 2018; Raut et al., 2019; Liu et al., 2020; Del Giudice et al.,
2020).

When it comes to data mining, this is carried out through different
algorithms that have been developed. This means that new knowledge
can be discovered to investigate large volumes of data. Therefore, this
information gives an opportunity to collaborate, coordinate and coop-
erate (Dubey et al. 2018; Arunachalam et al., 2018). Exploring and
investigating this data with the help of data mining leads to improved
transparency and security in the supply chain (Eugene et al. 2017;
Pappas et al. 2018) and to increasing understanding and knowledge
about CE in the dairy supply chain (Choi et al. 2018; Geissdoerfer et al.,
2018; Liu et al., 2020). Data mining techniques also aim to offer ap-
proaches to improve forecasts by dealing with the challenge of
short-term forecasting for food products with high demand uncertainty
and short shelf-life (MaaB et al, 2014). In addition, with an accurate
forecast, the issues in establishing the balance between supply and de-
mand can also be managed (Pappas et al. 2018; Blackburn et al., 2015;
Arunachalam et al. 2018). Data mining also helps businesses to make
strong predictions for future decisions by analysing their historical data
and making analyses based on these predictions (Gregor et al. 2006;
Richey et al., 2016; Jeble et al. 2018). Using data mining, organizations
are also motivated to improve their organizational and technical capa-
bilities to extract value from data. Therefore, companies can also
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improve their technical infrastructure based on digital technologies
(Dubey et al. 2015; Pappas et al. 2018). Legal standards also demand
data integrity for creating useful data sources and to provide security
(Basukie et al., 2020). By creating clear legal standards for government
data mining, issues related to inadequacy of legal systems to build a
circular system can be addressed (Seele 2017; Zhang et al. 2018; Wu and
Huang 2018).

With the adoption of cloud technology, all stakeholders in the supply
chain can be accessed and further information sharing can be facilitated
to deal with inadequate knowledge transfer among different partners
(Neaga et al. 2015; Arunachalam et al. 2018; Ergun et al., 2020). This
helps in promoting a positive circular supply chain culture by providing
knowledge and education to increase the skills of the workforce who are
tasked to implement CE (Singh et al., 2018).

Statistical techniques is a fundamental aspect of big data solutions.
They provide collection and analysis of big data including correlation,
regression, forecasting, clustering and classification (Choi et al., 2018;
Igbal et al., 2020). These techniques can help a business in providing
insight into potential patterns of green practices (Zhang et al. 2018)
based on historical data to deal with environmental challenges such as
carbon emissions (Song et al., 2020) and determining green suppliers
(Tseng et al., 2019; El-Kassar and Singh 2019; Liu et al., 2020). Fore-
casting enhances accuracy of demand in the supply chain by predictive
analysis. In addition, it enables companies to make better decisions by
making effective production planning and inventory management based
on real-time forecast demands (L.ee and Klassen, 2008; El-Kassar and
Singh, 2019).

Artificial neural network is a useful tool to monitor and control the
complex nature of supply chains. By investigating the complex re-
lationships between supply chain components and actors via artificial
neural network, it can cope with the dynamic nature and complexity of
the dairy supply chain (Chen and Zhang, 2015). Big data tools can be
used to better understand how supply chain processes should be
designed, how operations and networks will be coordinated and how the
supply will be provided in cooperation with CE concepts (Gupta et al,
2019).

Social network analysis is useful in managing different business op-
erations whose structure changes during the adoption of CE (Lea et al,
2006) and further improving their performance by optimizing the CE
activities in their supply chains (Miiller et al., 2018). It is an important
solution tool to help supply chain managers to develop policies (Khedra
et al., 2019) that are suitable for changing conditions as a result of
adapting CE while making strategic and operational decisions (Tseng
et al., 2018; Polyakova and Thalassinos, 2019).

In order to deal with CE focused barriers, a framework that matches
big data solutions corresponding to each barrier within the dairy supply
chain is presented in Fig. 1.

The barrier list includes six main barriers, 27 sub-barriers and seven
big data solutions. The main barriers cover economic, social and legal,
environmental, technological, supply chain management and strategic
barriers. Big data solutions include machine learning, optimization, data
mining, cloud computing, artificial neural network, statistical tech-
niques and social network analysis. Each big data solution was matched
with CE barriers in order to show which solution is useful for each
particular barrier. The proposed framework is generic and applicable to
similar studies where CE barriers in other industrial sectors are studied;
however, the results are unique and are not generalized for different
sectors.

3. Methodology

Figure 2 shows the overall flow of the present work. Based on an
extensive literature review, the barriers to circularity and corresponding
big data solutions were derived. The proposed barriers and big data
solutions are further validated by three academics, four industry and
two governmental experts. The academic experts consist of professors in
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Fig. 1. A framework to match big data solutions to the barriers

universities from food engineering, information technology and supply
chain management. The industrial experts include four supply chain
experts in the dairy sector. Supply chain managers of a well-known
company in the dairy sector are selected. These experts have experi-
ence in the sector of more than 20 years. The two governmental experts
are selected from the Republic of Turkey Ministry of Agriculture and
Forestry and Turkey Milk Producers’ Central Union. The barriers and
proposed big data solutions are discussed with these experts through
interviews. After the validation stage, the barriers were matched with
each big data solution. The Fuzzy ANP technique is then implemented to
find the respective weights of the barriers, whereas the fuzzy VIKOR
method is implemented to rank the big data solutions. The reason for
using fuzzy logic is its capability to deal with uncertainties and vague-
ness inherent in the decision-making process (Zadeh, 1965). The reason
for selecting fuzzy ANP is that it is one of the most common and effective
multi-criteria decision-making (MCDM) techniques to calculate weights
of different criteria. Also, fuzzy ANP helps decision-makers to deal with
every type of feedback and dependence (Yadav and Singh, 2020). Fuzzy
VIKOR also has the ability to rank a set of alternatives with respect to

conflicting criteria.
Next, fuzzy set theory, fuzzy ANP and fuzzy VIKOR techniques are
introduced.

3.1. Fuzzy Set Theory

Any decision-making process includes uncertainties owing to the
vagueness inherent in the process itself. In attempting to deal with un-
certainty, fuzzy set theory was introduced by Zadeh (1965). This theory
helps decision-makers to minimize any human subjectivity and vague-
ness. A fuzzy set is called an objects group with a continuum of grades. In
this paper, triangular fuzzy numbers indicated as Iy, my, r; were used
(Ayouni et al., 2021).

3.2. Fuzzy Analytical Network Process (FANP)
Saaty (1996) introduced the Analytic Network Process (ANP) tech-

nique. It is one of the most common MCDM techniques. Its main
advantage is its capability to cope with qualitative and quantitative
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variables (Sagnak and Kazancoglu, 2019). However, its applicability is
limited due to the uncertainties and vagueness inherent in the
decision-making process (Kazancoglu et al., 2020). Therefore, in this
study, ANP was integrated with fuzzy set theory.

Fuzzy ANP is different to Saaty’s (1996) approach (Kazancoglu et al.,
2020). Pairwise comparisons were carried out using triangular fuzzy
numbers. Saaty’s (1980) scale has advantages in terms of simplicity;
however, using fuzzy numbers instead of crisp values to translate human
judgments into numerical values is always a better option with regards
to flexibility and eliminating vagueness in the decision-making process.
Linguistic terms (equally important (E), moderately more important
(M), strongly more important (S), very strongly more important (VS)
and extremely more important (EM)) were used to establish the pref-
erences of the decision-makers.

The steps of Fuzzy ANP are as follows (Sagnak and Kazancoglu,
2019; Yadav and Singh, 2020):

Step 1: Establishment of pairwise comparisons: pairwise compari-
sons were established to identify the relations among criteria.

Step 2: Formation of initial super matrix: the initial super matrix is
formed to present the relative importance of cluster k to cluster 1.
Step 3: Weighted super matrix formation: the weighted super matrix
is formed by multiplying the first element of the respective eigen-
vector by all entries in the first block of that column, second element
by second block and so on.

Step 4: Formation of limit super matrix: the limit super matrix is
calculated by taking the power of the weighted super matrix until all
values for the same row are the same.

Step 5: Normalization: the final weights are found by the normali-
zation process for each block of the limit super matrix.

3.3. Fuzzy VIKOR

The VlseKriterijumska Optimizacija I Kompromisno Resenje
(VIKOR) method has been used by Opricovic (1998) and Opricovic and
Tzeng (2002) (Salimi et al., 2020). The objective of the VIKOR method is
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defined as the selection of the best solution among other alternatives
(Alsolame and Alshehri, 2020).

Usually, the VIKOR method is implemented with fuzzy logic due to
the vagueness and subjectivity inherent in the decision-making process
(Salimi et al., 2020; Akram et al., 2021).

Opricovic (2011) and Liu et al. (2012) summarized the application
stages of Fuzzy VIKOR as follows:

Stage 1: Finding the fuzzy best and the fuzzy worst values: The fuzzy

) and fuzzy worst value E = (IJT mo,rY)

—
best value fJ = (lJf‘,mf‘.r* nNg

AN
are found using the following formulas, respectively.

ol ~
fi= maxx;

= m[in}[j

Stage 2: Finding the fuzzy difference: the fuzzy difference Elj is found
by:

5,7 = (}7 —X

Stage 3: Calculating the Si and Ri values: the separation values, g,—,

and R; of i alternative are found by:
8= W x4y
J=1

R; = maxw; x dy
i

where S; = (S, Sm, S) is a weighted sum with regards to the separation
value of i option from f:. Likewise, R; = (R, R", R!) identifies the
separation value of i" alternative from f;; wi is the weight of respective
criterion, C;.

Stage 4: Finding the Qi value: the value of Q; = (I;, m,r;) is found by

Q:vK'EfE*)/(S*uS*’)] +(1—v) %

where S =min;S, S ' = maxigir, R =minR, R = = min;R;. v is used as
weight for the maximum group utility, whereas (1 —v) is used as weight
for individual regret. The best values of S and R are represented as S and
ﬁ*, respectively. Then, in order to find the crisp numbers, gi, R;, and Q-
values are defuzzified. After the defuzzification process, the values of S;,
R; and Q; are organized in ascending order. The best solution is provided
by the minimum Q; value when the following two circumstances are
fulfilled:

1 QAP) — Q(AM) > DQ, where AV, and A is the first- and second-
best alternatives, respectively.
2 A must also be found as best alternative regarding S;, and R; values
(Sanayei et al., 2010).
4. Case Study

This paper shows the real-world applicability of the proposed
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framework. A study is conducted in a food company including dairy,
meat and soft drink sectors located in Izmir, Turkey. This dairy products
company has one of the largest production facilities in Turkey and has
well-established trademarks. The reason to select a food company is the
critical importance of CE within a dairy supply chain. The company aims
to protect the environment and reduce waste by using resources effi-
ciently. Thanks to the TS EN ISO 14001 Environmental Management
System, the company is focused on minimizing their negative impacts on
the environment. The CE focuses on sustainable waste management,
efficient resource use and material flow, thus accelerating economic
growth (Blomsma and Brennan, 2017). The company, which has a
multi-stakeholder supply chain structure, aims to ensure food safety and
improve food quality. The company is also committed to making de-
cisions quickly and accurately using digital technologies to ensure flow
throughout the supply chain. It is important for the case company to
overcome the obstacles in implementing a sustainable and CE culture in
the supply chain to achieve these goals.

Within this framework, the case dairy company hopes to improve the
traceability of their chain activities. The company aims to obtain accu-
rate and simultaneous data in order to ensure circularity and sustain-
ability in dairy supply chains and to survive in a competitive
environment in spite of the perishability and shorter shelf life of their
dairy products. The dairy supply chain faces several problems due to its
multi-stakeholder, dynamic and complex structure to create safe,
healthy and secure food for consumers. Therefore, for the company, it is
important to identify and deal with barriers in adopting sustainable and
CE processes. In order to deal with these barriers, big data solutions can
be adopted into the food supply chain. Big data solutions provide op-
portunities to companies and help to overcome barriers by enhancing
supply chain capacity and ensuring waste minimization by effective
logistics and production scheduling in the food supply chain (Zhong
et al., 2016).

In the data collection process, data was gathered through pairwise
comparisons. These comparisons are conducted with the permission and
approval of the Board of Directors. Large-scale group decision-making
has been adopted in order to present the multi-stakeholder structure
of the dairy supply chain with a holistic perspective. Thirty authorities -
Supply Chain Manager, Supply Chain Vice Manager, Sustainability
Manager, Information Technology Manager, Information Technology
Vice Manager, Total Quality Manager, Total Quality Vice Manager,
Operations Manager, Operations Vice Manager, three raw milk sup-
pliers, two other suppliers, Information Technology Expert, Sustain-
ability Expert, Circularity Expert, three customers, Company
Consultant, Ministry of Agriculture and Forestry Personnel, Ministry of
Industry and Technology Personnel - carried out pairwise comparisons.
Table 2 presents information about the participants in detail.

The weights of the main barriers and sub-barriers are shown in Ta-
bles 4 and 5, respectively. These weights were found by applying the

Table 2
Information about Participants
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step-by-step formation of Fuzzy ANP. Firstly, pairwise comparisons were
established to identify the relations among criteria. As an example,
Table 3 shows the pairwise comparison matrix of one of the experts for
the main barriers.

Then, the initial super matrix is formed to present the relative
importance clusters. Weighted super matrix is then calculated. Lastly,
the limit super matrix is obtained by taking the power of weighted super
matrix until all values for the same row are the same. After all values are
normalized, the weights were finalized as seen in Tables 4 and 5.

According to Table 4, the most important barrier for CE was seen to
be economic barriers with a weight of 0.241, followed by technological
and environmental barriers with weights of 0.198 and 0.169, respec-
tively. Analysis of the results demonstrated that economic, technological
and environmental barriers have a total of 60% importance weight. The
remaining 40% comes from social and legal, supply chain and strategic
barriers.

According to Table 5, the most important barrier for CE was high
investment cost for circular system transformation with a weight of
0.076, followed by high cost of implementation of various ‘R’ initiatives,
increased research and development cost, inefficient environmental
standards for CE adoption, and problems related to carbon emissions
while closing the loop of supply chain; weights are 0.070, 0.064, 0.061
and 0.051, respectively. Analysis of the results demonstrated that among
27 sub-barriers, high investment cost for circular system transformation,
high cost of implementation of various ‘R’ initiatives, increased research
and development cost, inefficient environmental standards for CE
adoption and problems related to carbon emissions while closing the
loop of supply chain have 32% importance weight.

Table 6 shows the rankings of the big data solutions in order to
overcome the barriers associated with a CE. The rankings for the barriers
are obtained through the fuzzy VIKOR method.

According to Table 6, optimization is the most important big data
solution for overcoming CE barriers. The other important solutions are
data mining, machine learning, statistical techniques and artificial
neural network.

5. Discussions and Research Implications

CE is very important in terms of recycling wastes and obtaining new
products (Esposito et al., 2020). The CE approach, especially in dairy
supply chains with short shelf lives, ensures the continuity of operations
and the utilization of waste (Sharma et al., 2019). This study makes a
practical contribution to the industry by proposing a framework to make
ideal matching and ranking of big data solutions to barriers to circularity
in dairy supply chains. The importance order offers a specific roadmap
for companies who need to invest but have restricted resources at their
disposal. In contrast with other studies (Ahearn et al., 2016; Annosi
etal., 2021; Astill et al., 2019; Duong et al., 2020), this study is focused

Experts Position Total Work Experience in Years Experts Position Work Experience (Years)
1 Supply Chain Manager 12 16 Information Technology Expert 6
2 Supply Chain Vice Manager 8 17 Information Technology Expert 8
3 Sustainability Manager 6 18 Information Technology Expert 6
4 Sustainability Vice Manager 4 19 Information Technology Expert 5
5 Information Technology Manager 11 20 Sustainability Expert 4
6 Information Technology Vice Manager 8 21 Sustainability Expert 5
7 Total Quality Manager 10 22 Sustainability Expert 4
8 Total Quality Vice Manager 7 23 Circularity Expert 3
9 Operations Manager 9 24 Circularity Expert 3
10 Operations Vice Manager 4 25 Customer 1 8
11 Raw Milk Supplier 1 3 26 Customer 2 9
12 Raw Milk Supplier 2 4 27 Customer 3 10
13 Raw Milk Supplier 3 6 28 Company Consultant 5
14 Other Suppliers 4 29 Ministry of Agriculture and Forestry Personnel 7
15 Other Suppliers 4 30 Ministry of Industry and Technology Personnel 8
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Table 3
Pairwise comparison matrix of one expert for main barriers
Main Barriers Economic Social and Legal Environmental Technological SCM Strategic
Economic 1 M M M M E
Social and Legal 1 /M E E 1/M
Environmental 1 E M E
Technological 1 M M
SCM 1 E
Strategic 1
Table 4 Table 6
Weights of Barriers Rankings of Big Data Solutions
Barriers Weights Rankings Solutions Q
Economic Barriers 0.241 1 Optimization 0.076
Social and Legal Barriers 0.103 2 Data Mining 0.082
Environmental Barriers 0.169 3 Machine Learning 0.368
Technological Barriers 0.198 4 Statistical Techniques 0.640
Supply Chain Barriers 0.135 5 Artificial Neural Network 0.687
Strategic Barriers 0.154 6 Social Network Analysis 0.920
7 Cloud Computing 1.000

Table 5
Sub-Barrier Weights

BARRIER SUB-BARRIERS WEIGHTS

Economic Lack of economic incentives by implementing 0.046
CE
High cost of implementation of various ‘R’ 0.070
initiatives
Increased research and development cost 0.048
High investment cost for circular system 0.076
transformation

Social and Legal Inadequacy of legal systems to build a circular ~ 0.036
system
Inadequate knowledge transfer between 0.018
different partners
Lack of skilled workforce to implement CE 0.027
Lack of supplier’s commitment in building a 0.021
circular system

Environmental Inefficient environmental standards for CE 0.061
adoption
Problems related to carbon emissions while 0.051
closing the loop of supply chain
Lack of efficient use of resources 0.028
Lack of incentives for GSC 0.029

Technological Issues related to data security, integration and ~ 0.049
privacy
Technical infrastructure deficiency in CE 0.064
adoption
Lack of integration between technological 0.045
processes and eco-efficiency
Lack of implementation of emerging 0.040
technologies

Supply Chain Difficulties in establishing the balance between ~ 0.019

Management supply and demand

Little understanding and knowledge about CE 0.033
in dairy supply chain
Inefficient information sharing system across 0.019
the value chain
Lack of transparency across the value chain 0.024
Inability to cope with the dynamic nature and  0.018
complexity of the dairy supply chain
Shorter product life cycle 0.023

Strategic Lack of enterprise policies and missions in CE 0.044
adoption
Inefficient top management commitment and 0.038
support
Lack of collaboration, coordination and 0.024
cooperation among stakeholders
Lack of effective business models and 0.025
frameworks in implementing CE
Issues related to cultural change during CE 0.022

adoption

solely on dairy supply chains.

According to Bourlakis et al. (2014) and Ghadge et al. (2020), the
most important barrier for dairy and FSCs based on CE and sustainability
is determined as “cost of investment”; this equates to ‘economic barriers’
in this study. Similarly, in this paper, “economic barriers” are selected as
the most important barriers followed by “social and legal”, “environ-
mental”, “technological”, “supply chain management” and “strategic”
barriers. Under “economic” barriers, “high investment cost for circular
system transformation” is determined as the most important barrier
ahead of “lack of economic incentives by implementing CE”, “high cost
of implementation of various ‘R’ initiatives” and “increased research and
development cost”.

The second important barrier is determined as “technological”.
Having solutions for “technological” barriers provides benefits to CE in
FSCs (Simms et al., 2020). Under “technological” main barriers, “tech-
nical infrastructure deficiency in CE adoption”, “issues related to data
security, integration and privacy”, “lack of integration between tech-
nological processes and eco-efficiency” and “lack of implementation of
emerging technologies” are prioritized according to their importance
rates, respectively.

Farooque et al. (2019) stated that lack of market preference and
environmental regulations are key barriers in circular FSCs. However, in
this study, the “environmental” barrier is selected as the third most
important barrier among “economic”, “social and legal”, “technolog-
ical”, “supply chain management” and “strategic” barriers in contrast
with Farooque et al. (2019). Under “environmental” barriers, “ineffi-
cient environmental standards for CE adoption” is determined as the
most important barrier ahead of “problems related to carbon emissions
while closing the loop of supply chain”, “lack of incentives for GSC” and
“lack of efficient use of resources”, respectively

“Strategic” barriers are selected as the fourth important barrier
within the main barriers. According to Ding et al. (2019), barriers about
strategies prevent sustainability and CE practices in FSCs. Under “stra-
tegic” barriers, “lack of enterprise policies and missions in CE adoption”
is selected as the most important barrier followed by “inefficient top
management commitment and support”, “lack of effective business
frameworks and models in implementing CE”, “lack of collaboration,
coordination and cooperation among stakeholders”, “issues related to
cultural change during CE adoption” and “lack of enterprise policies and
missions in CE adoption”, respectively.

“Social and legal” barriers are determined as the least important
barrier among the others. However, “inadequacy of legal systems to
build a circular system” is determined as the most important barrier in
this category, similar to the findings of Schrettle et al. (2014). Other
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barriers under “social and legal” are “lack of skilled workforce to
implement CE”, “lack of suppliers commitment in building a circular
system” and “inadequate knowledge transfer between different part-
ners”, respectively.

From a managerial perspective, these results show that barriers to
circularity and sustainability in food chains, especially in the dairy
sector, can be improved with “big data” solutions. According to the
ranking of big data techniques, it can be seen that optimization provides
benefits for almost every type of problem. However, when there are NP-
hard problems, optimization might not be an effective solution. There-
fore, machine learning and data mining can be used as solution measures
for barriers to CE and sustainability in dairy FSCs. Optimization tech-
niques prevent not only economic problems but also evaluate other is-
sues such as environmental, social and supply chain management factors
by modelling the impacts of the operations of the companies in the dairy
sector (Liu et al., 2018). In this study, “high investment cost for circular
system transformation”, “lack of suppliers’ commitment in building a
circular system”, “lack of efficient use of resources”, “lack of effective
business models and frameworks in implementing CE” problems can be
tackled by integrating optimization techniques with existing dairy sup-
ply chain operations to improve circularity and sustainability in these
supply chains.

In the food industry, data mining is an extremely useful method for
dealing with food products with high demand uncertainty and short
shelf life; dairy products are a prime example (Maal et al, 2014). In this
study, for “inadequacy of legal systems to build a circular system”, “is-
sues related to data security, integration and privacy”, “technical
infrastructure deficiency in CE adoption”, “difficulties in establishing
the balance between supply and demand”, “little understanding and
knowledge about CE in dairy supply chain”, “lack of transparency across
the value chain”, “shorter product life cycle” and “lack of collaboration,
coordination and cooperation among stakeholders” problems, data
mining can be a solution to prevent losses caused by the lack of circular
and sustainable processes. By analysing historical data with the help of
data mining, companies can make predictive analyses and obtain better
information to make more informed decisions. This will enable them to
find circular and sustainable solutions to the barriers identified in their
dairy supply chains.

Machine learning is another important technique of big data in dairy
supply chains. Machine learning enables companies to make the right
decisions in operational follow-up by learning behaviours through
simulations and constantly discovering existing information structures
(Liu et al., 2020). For economic, environmental, technological and
supply chain management problems, such as “lack of economic in-
centives by implementing CE”, “high cost of implementation of various
‘R’ initiatives”, “increased research and development cost”, “inefficient
environmental standards for CE adoption”, “problems related to carbon
emissions during closing the loop of supply chain”, “lack of imple-
mentation of emerging technologies” and “inefficient information
sharing system across the value chain”, machine learning can be a
suitable tool for decision making by managers.

Optimization, data mining and machine learning can be beneficial
for almost every problem in dairy supply chains. However, there are
some specific techniques related to big data. For example, statistical
techniques allow for the collection and analysis of big data, often
addressing environmental challenges such as carbon emissions and
identifying green suppliers. Similarly, for “lack of incentives for GSC”
and “lack of integration between technological processes and eco-effi-
ciency” barriers, statistical techniques can be beneficial solutions in
dairy supply chains.

Besides these solutions already mentioned, another technique of big
data is artificial neural network. Artificial neural network, used to
monitor and control the complex structure of the supply chain, is
beneficial for circularity and sustainability of dairy supply chain oper-
ations. It is an important solution to the complex structure of the dairy
supply chain.
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In order to use the big data techniques mentioned above, a speci-
alised workforce is needed. Competencies of human resources or other
departments should be improved in understanding and implementing
big data solutions. Briefly, there should be human expertise in data
analytics within the companies.

Furthermore, in the light of information obtained from this study,
necessary investment should be made for data collection, processing and
management operations. Any investment made will help to improve
supply chains in terms of circularity and sustainability by supporting the
collection of data, the creation of large data sets, data processing and
management. In addition, information transparency should be adopted
in order to manage operations effectively in dairy supply chains and to
ensure data flows between supply chain stages.

For policy makers, it is essential to follow the United Nations agenda
on dairy supply chains. Therefore, integrating big data into dairy supply
chains will provide increasing agricultural productivity and investment
and ensure sustainable food production under the “zero hunger”
concept. In this way, improvements can be made not only in companies,
but also at a macro level.

Using big data and integrating its different techniques into dairy
supply chains can improve sustainable consumption and production
trends. Based on important decisions taken for dairy supply chains,
environmental concerns, such as energy consumption and waste gen-
eration, can be addressed; economic concerns directly linked with
environmental impacts can also be considered.

Besides managerial and policy maker implications, big data and
integration of its tools are crucial to develop circular and sustainable
practices in dairy supply chains. This issue has recently gained increased
attention from an academic perspective. It is hoped that the current
research would motivate scholars and practitioners to focus on big data
technologies in improving circularity in the food supply chain. It is not
only the dairy sector that has to deal with such issues; it is expected that
there will be further research on how to integrate circularity into
different sectors in the food industry with the help of big data.

6. Conclusion

This research aimed to achieve two main contributions. First of all,
with ideal matching and ranking of big data solutions to barriers to
circularity in dairy supply chains, a framework is proposed. Secondly, a
specific road map is offered to companies with limited resources in their
supply chains by drawing up an order of importance of the barriers. In
this study, in order to understand the multi-stakeholder structure of the
dairy supply chain from a holistic perspective, large-scale group
decision-making is considered.

There are barriers that affect the circularity of dairy supply chains. In
this study, these barriers are listed based on a literature review with the
aim of finding solutions to manage them with the help of big data
technology. In total, six main barriers and twenty-seven sub-barriers are
identified. The main barriers are listed as economic, environmental,
social and legal, technological, supply chain management and strategic
barriers.

From our findings, economic barriers are determined as the most
important among the main barriers. While technological, environ-
mental, strategic, supply chain management and social and legal bar-
riers are ranked next according to their importance. In addition, from
these findings, big data is shown as an effective solution methodology
for each barrier to overcome circularity related issues in dairy supply
chains. Notably, optimization, machine learning and data mining as big
data driven solutions are more beneficial and applicable in most bar-
riers; statistical techniques and artificial neural network can manage
only a few barriers.

Among limitations acknowledged, the identified barriers and solu-
tions to manage such barriers could be modified as per developments in
technology and the passage of time. This research has been conducted
considering data from a dairy company in Turkey. Further possible
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research may focus on the implementation of the proposed framework in
other emerging economies. Notably, the transition to digitalization in
the dairy industry is a bit slow in emerging economies. So, it might be
interesting to compare the results of this study with findings from a
developed country. In this research, we have used a fuzzy based
approach to handle inherent uncertainty. Additional studies may also
use grey set theory and different variants of fuzzy based membership
functions to further evaluate the findings. The identified barriers and
their corresponding solutions may also be verified empirically in the
future. Further research may also be needed to determine the cause and
effect relationships between barriers to circularity and big data solu-
tions. In addition, the impact of Industry 4.0 and blockchain in a suc-
cessful adoption of CE in a dairy supply chain is an area for further study.
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