Drivers of Implementing Big Data Analytics in Food Supply Chains for Transition to a Circular Economy and Sustainable Operations Management

Abstract 
[bookmark: _Hlk58744035][bookmark: _Hlk58744083]Purpose: The aim of this study is to evaluate Big Data Analytics (BDA) drivers in the context of food supply chains (FSC) for transition to a Circular Economy (CE) and Sustainable Operations Management (SOM). 
Design/methodology/approach: Ten different BDA drivers in FSC are examined for transition to CE; these are Supply Chains (SC) Visibility, Operations Efficiency, Information Management & Technology, Collaborations between SC partners, Data-driven innovation, Demand management & Production Planning, Talent Management, Organizational Commitment, Management Team Capability and Governmental Incentive. An interpretive structural modelling (ISM) methodology is used to indicate the relationships between identified drivers to stimulate transition to CE and SOM. Drivers and pair-wise interactions between these drivers are developed by semi-structured interviews with a number of experts from industry and academia. 
Findings: The results show that Information Management & Technology, Governmental Incentive and Management Team Capability drivers are classified as independent factors; Organizational Commitment and Operations Efficiency are categorized as dependent factors. SC Visibility, Data-driven innovation, Demand management & Production Planning, Talent Management and Collaborations between SC partners can be classified as linkage factors. It can be concluded that Governmental Incentive is the most fundamental driver to achieve BDA applications in FSC transition from linearity to CE and SOM. In addition, Operations Efficiency, Collaborations between SC partners and Organizational Commitment are key BDA drivers in FSC for transition to CE and SOM.  
Originality/value: The main contribution of the study is to analyse BDA drivers in the context of FSC for transition to CE and SOM. This study is unique in examining these BDA drivers based on FSC. We hope to find sustainable solutions to minimize losses or other negative impacts on these SC. 
Research Implications: The interactions between these drivers will provide benefits to both industry and academia in prioritising and understanding these drivers more thoroughly when implementing BDA based on a range of factors. This study will provide valuable insights. The results from this study will help in drawing up regulations to prevent food fraud, implementing laws concerning government incentives, reducing food loss and waste, increasing tracing and traceability, providing training activities to improve knowledge about BDA and focusing more on data analytics.
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1. Introduction

The disappearance of commercial boundaries between countries and the fact that companies' competitors are now not only at national but also global level makes SC complex and difficult to manage (Kappelman and Sinha, 2021). The ability of companies to survive, develop and become stronger in an intense competitive environment depends on the effective management of SC structures and sustainable SC operations (Ewbank et al., 2020; Ghoushchi and Hushyar, 2020). Management of SC covers not only the production stage but every link of the chain, such as communication between the supplier and the manufacturing company (De Giovanni, 2020). In addition, factors such as the follow-up of new technologies, their adaptation and the ability to collect data become extremely important in the management of SC (Erol et al., 2020; Wong et al., 2020).

FSC are more vulnerable to deterioration and destruction (Kaur et al., 2020; Tirkolaee et al., 2020) in our competitive environment compared to the SC of other products, especially due to the sensitivity of both the product structure and the stages in the SC (Djekic et al., 2014; Liu et al., 2020). This problem becomes more critical in closed loop FSC (CLFSC).  Food companies aim for speed, quality, good communication between partners and minimum cost at every stage of their FSC (Béné, 2020). In order to increase the resilience and sustainability of FSC, the control mechanisms at every stage of the SC must be well planned (Heck et al., 2020; Khan et al., 2020). 

CE has more uncertainty and more ambiguous situations (Levering and Vos, 2019; Ethirajan et al., 2020) in CLFSC operations. In contrast with a linear economy, traceability is problematic in CLFSC in CE and SOM (Bressanelli et al., 2018; Beckmann et al., 2020). Due to uncertainties in the number of products needed, product type to be used in the evaluation of the products, the traceability of supply chains is more critical in a circular economy (Nadeem et al., 2019) as opposed to a linear economy (Glass et al., 2018). Moreover, because of the uncertain environment, operational efficiency is low in CLFSC in CE (Sharma et al., 2019). For example, not only operational efficiency but also in logistics processes in SC, there is low efficiency in vehicle performance. Furthermore, having more Rs or more stakeholders can make it harder for operations to have sustainable FSC and to adapt to CE in these CLFSC (Mishra et al., 2018). From the production process view, there is again huge uncertainty in the demand side (Yang et al., 2018) of CLFSC. Having many stakeholders, such as collectors, with various opinions makes it sticky for FSC operations (Esposito et al., 2020; Gupta et al., 2018). Therefore, one of the most important issues in CLFSC for transition to CE and SOM, is to have effective collaboration between SC partners (Farooque et al., 2019). In addition to the problems mentioned, in contrast with a linear economy, in CE, a huge data set is generated from FSC operations (Akhtar et al., 2016). The management of this data set can be another problem in CLFSC; in managing this data, circular and sustainable solutions have to be identified in CLFSC operations (Gawankar et al., 2020). A critical problem has now arisen given the lack of data-driven innovations in CLFSC (Akhtar et al., 2016). To cope with all these problems caused by CE (Bag and Pretorius, 2020) in CLFSC, there is a need for new technologies to enhance existing operations (Del Giudice et al., 2020). 

BDA, one of the benefits of technological developments (Sharma et al., 2020), enables data collection and recording of processes at every stage of FSC (Ji et al., 2016; Kamilaris et al., 2017; Saleem et al., 2020). BDA, a concept that has been increasingly used in applications (Lamba and Singh, 2017), can be used in various sectors; it needs to be adopted into FSC for transition to CE and SOM because of the perishable product type in the food chains (Liu et al., 2018). BDA provides many benefits to FSC, enabling transition to CE and SOM while creating more effective SC (Singh et al., 2018). Thanks to BDA, firms can store, process and analyse their data concerning FSC (Ji et al., 2016). 

[bookmark: _Hlk64029234]The motivation for this study is that given the complex and vulnerable structure of FSCs, using BDA is essential for transition to CE and SOM. However, firstly, it is critical to identify the drivers of implementing BDA in FSC and to evaluate the relationships between these drivers. This is a major research gap in current literature. To the best of our knowledge, this study is unique in determining drivers of implementing BDA in FSC for transition to CE and SOM. 

Therefore, the research questions of this study can be specified as; 
· [bookmark: _Hlk64029521]RQ1: What are the key drivers of adopting BDA in FSC for transition to CE and SOM? 
· RQ2: What are the relationships between drivers for adopting BDA in FSC for transition to CE and SOM?

To find answers to these questions, different BDA drivers in FSC for transition to CE and SOM are determined. After determining these drivers, ISM methodology is used to indicate the relationships between the identified drivers. Drivers and pair-wise interactions between these drivers are developed by semi-structured interviews with different experts. At the end of the study, it is aimed to analyse the driving and dependence power of each factor of BDA in FSC to make the transition. 

[bookmark: _Hlk64029889][bookmark: _Hlk58866513]In summary, to cope with the problems mentioned above, one of the main contributions of this study is to analyse BDA drivers in the context of FSC for transition to CE and SOM. The second main contribution of the study is proposing new solutions when BDA is integrated into FSCs. The novelty of this study is in the examination of these BDA drivers based on FSC for transition to CE and SOM. We aim to find sustainable solutions to minimize losses or cope with other negative impacts on these SC by using relevant basic concepts and systematic implementation of graph theory, ISM. 

The following sections of this paper are organised as follows. In Section 2, a literature review looks at BDA in FSC for transition to CE and SOM; the proposed drivers of BDA in FSC for transition are suggested. Section 3 covers methodology, including ISM. Section 4 consists of implementation and results of the study. In Section 5, discussions and managerial implications are given. Lastly, conclusions of the study are explained.

2. Literature Review

The literature review consists of two sections; a) BDA in FSC for transition to CE and SOM and b) proposed drivers of BDA in FSC for transition to CE and SOM. First of all, BDA in FSC for transition to CE and SOM is explained in detail. 

2.1.  Big Data Analytics (BDA) in Food Supply Chains (FSC)
Recently, with increased globalization, a continuing expansion in world population and innovations in technologies (Yadav and Singh, 2020), FSC have become more complex and more vulnerable (Ghadge et al., 2020; Mahroof et al., 2021). The product structure of FSC can deteriorate quickly so that care must be taken from the beginning to the end of the SC process (Saberi et al., 2019). For example, in FSC, both fresh and processed vegetables reach consumers after passing through the SC consisting of manufacturers, importers, wholesalers and retailers (Shankar, et al., 2018). An effective and sustainable management system is needed at every stage of the SC (Nazam et al., 2020) to eliminate risks such as food safety and quality assurance (Mogale et al., 2019). 

Especially in a multi-stage FSC, it becomes extremely important to ensure continuity of the processes and keep them under control (Bene, 2020). Besides food safety and eliminating risks about food quality (Luo et al., 2020), in order to survive in a competitive environment, it is necessary to make correct decisions not only at the production stage, but also at every stage of the SC; these decisions must be implemented correctly and at the right time (Kittipanya-Ngam and Tan, 2020). In today’s marketplace, given the developments in digitalization, especially with the help of BDA, businesses that want to improve can record every step in their SC processes (Bansal et al., 2020), collect data from each stage and plan their operations in line with the collected data (Mardani et al., 2020).

In all types of SC, structures are becoming more complex every day (Vivaldini, 2020). The introduction of BDA, where data is collected incrementally and easily, eliminates physical storage processes (Mangla et al., 2020; Papadopoulos et al., 2020). BDA can be used in many areas such as tourism, food, education and production (Wang et al., 2020).

With a vulnerable and complex structure in its SC operations, the food sector is one of the most important sectors where big data technologies need to adapt to CLFSC (Jin et al., 2020; Liu et al., 2020). In CLFSC, BDA provides many advantages such as SC visibility, ease in control of whole SC, increase in food safety and minimization in losses (Govindan et al., 2018; Kappelman and Sinha, 2020). BDA provides accurate and real time data to minimize losses and provide maximize efficiency in CLFSC operations through the use of sensors, RFID and cameras (Irani et al., 2018).

CLFSC are more complex with more uncertain situations arising in their operations from a circular and sustainable perspective (Mangla et al., 2018; Zhang et al., 2020). Based on visibility, demand planning, operational efficiency, design and data-driven innovations (Nisar et al., 2020; Seyedan and Mafakheri, 2020), there is a need for new technologies such as BDA that can provide sustainable solutions to achieve effective CLFSC (Xiang and Xu, 2019).

[bookmark: _Hlk57035715]To sum up, there is a need to specify drivers of BDA, especially in FSC for transition to CE and SOM. Problems prevalent in FSC operations must be overcome to have more effective and sustainable CLFSC. It is essential to know the drivers of BDA in FSC for transition to CE and SOM and take decisions based on these drivers. The proposed drivers of BDA in FSC for transition to CE and SOM are determined as explained in the following section.  

2.2.  Proposed Drivers of Big Data Analytics (BDA) in Food Supply Chains (FSC) for transition to Circular Economy (CE) and Sustainable Operations Management (SOM)

[bookmark: _Hlk64029178]Initially, 15 drivers are determined from the literature review with these drivers being evaluated by experts in the field of FSC. As a result of validations, a final list of ten drivers of BDA in FSC for transition to CE and SOM is drawn up. These drivers are validated with industrial experts and academicians who are professionals in information technology, FSC and food engineering; all have a background in CE and sustainable supply chain management.

These drivers are specified as SC visibility, operations efficiency, information management and technology, collaboration between SC partners, data-driven innovation, demand management and production planning, employee knowledge, organizational commitment, management team capability and governmental incentives. These are shown in Table I.   

[bookmark: _Hlk58682871]Table I. Drivers of BDA in FSC for transition to CE and SOM
	Drivers 
	Support references 

	SC Visibility
	Ding et al., 2019; Kamble et al., 2020; Yu et al., 2020

	Operations Efficiency
	Kache and Seuring, 2015; Lamba and Singh, 2017; Sivananda Devi et al., 2020

	Information Management and Technology
	Kache and Seuring, 2015; Lamba and Singh, 2017; Wamba et al., 2020

	Collaboration Between SC Partners
	Dubey et al., 2018; Giannakis and Louis, 2016; Siddique et al., 2020

	Data-Driven Innovation
	Li and Wang, 2017; Zong et al., 2017; Siddique et al., 2020

	Demand Management and Production Planning
	Kache and Seuring, 2015; Nguyen et al., 2018; Raut et al., 2019

	Employee Knowledge
	Kache and Seuring, 2015; Sivananda Devi et al., 2020

	Organizational Commitment 
	Busse et al., 2011; Ferenhof et al. 2019; Siddique et al., 2020

	Management Team Capability
	Gunasekaran et al., 2017; Raut et al., 2019; Kumar et al., 2020; Siddique et al., 2020; Sivananda Devi et al., 2020

	Governmental Incentives
	Dunleavy, 2016; Milakovich, 2016




BDA drivers in FSC for transition to CE and SOM are defined as follows;

SC Visibility: Visibility becomes extremely important in complex and globalized SC (Ding et al., 2019). High SC visibility ensures that the firm's SC operations run near perfect (Kamble et al., 2020; Yu et al., 2020). Although, a linear economy has more stable SC, in CE there is a need for greater traceability in SC because of ambiguity and uncertainty about product quantity and quality (Bressanelli et al., 2018).  Therefore, it is critical to have sustainable and circular FSC. With BDA, the visibility of the FSC for transition to CE and SOM can be increased and real-time control can be achieved (Kamble et al., 2020).  

Operations Efficiency: Operations efficiency includes the operations and processes in the company SC structure (Kache and Seuring, 2015; Lamba and Singh, 2017). In CE, FSC produce an environment that needs close monitoring - product type, quantity or evaluation of products (Saroha et al., 2018). Moreover, therefore, operations efficiency remains lower in FSC for transition to CE than in a linear economy (Kache and Seuring, 2015). With the adoption of BDA, more accurate decisions are made in SC operations, while continuous productivity improvements and leaner processes are achieved (Sivananda Devi et al., 2020).

Information Management and Technology: The use of efficient information management and technologies in SC help companies in a number of areas; better stock and material control, faster distribution, better forecasting, promotion, marketing changes and sustainable operations (Zeng and Lu, 2020; Wamba et al., 2020). In contrast with a linear economy, since there is lots of R in CE, new technologies are needed for effectiveness in information management and technology (Mangla et al., 2018; Yu et al., 2020). However, big data adaptation is required for efficient information management and technology (Kache and Seuring, 2015) in FSC for transition to CE. The help of BDA provides a highly competitive advantage in the management of complex and large sustainable SC (Colin et al., 2015; Bamel and Bamel, 2020). 

Collaboration between SC Partners: In developed or developing SC, collaboration between partners is one of the most important stages in sustainable SC management (Giannakis and Louis, 2016). Moreover, in closed loop SC, there are a range of stakeholders in the domain of CE. In order to ensure the continuity of operations in a sustainable SC, collaboration between partners should be kept dynamic and lively in terms of sharing knowledge with the help of BDA (Dubey et al., 2018; Siddique et al., 2020). 

Data-Driven Innovation: In contrast with a linear economy, there is a huge amount of data available in SC operations in CE (Mangla et al., 2018). To manage data, there is a need for data-driven innovations such as network design. Moreover, when moving from linear economy, managers in CE need know-how in FSC operations (Siddique et al., 2020). The readiness of the SC infrastructure for data use, its openness to data-oriented innovations and its applicability will increase the use of BDA in SC (Li and Wang, 2017; Siddique et al., 2020). Web-based computing infrastructures and data-based initiatives can be created thanks to the adoption of BDA in FSC for transition to CE and SOM (Zong et al., 2017).  

Demand Management and Production Planning: Production planning is made in line with demand management (Kache and Seuring, 2015). In companies with high levels of demand, demand planning is done on a shorter and optimized planning cycle with the help of big data (Raut et al., 2019). However, in contrast with linear economy, there is a huge uncertainty about demand and production planning because of more complex operations in CE (Raut et al., 2019). The use of BDA in demand and production management contributes to the improvement of the company's SC structure to embrace CE adaptations and SOM (Nguyen et al., 2018; Raut et al., 2019). 

Employee Knowledge: Employee knowledge is a critical issue for SOM and circularity in FSC. In-depth knowledge about SOM and CE in FSC affects all operations in SC (Mangla et al., 2018). A company can optimise the use of BDA if it has employees who are knowledgeable in the SC structure, who volunteer for training and who are open to learning (Sivananda Devi et al., 2020). When this happens, there are improvements in both the knowledge level of the employees and SC performance (Kache and Seuring, 2015). 

[bookmark: _Hlk64030160]Organizational Commitment: Organizations need to constantly update their knowledge level and show willingness to learn if they are to make meaningful progress. With a high level of commitment and the ability to develop new processes, innovations in terms of CE can be introduced into SC (Contador et al., 2020). The level of knowledge and willingness of organization are among the most important factors in the efficiency and sustainability of the SC in CE (Ferenhof et al. 2019). This willingness and knowledge ensures that innovations are followed through and that new technologies are adopted. Big data needs to be used in FSC for transition to CE and SOM. However, big data adaptation needs investment (Busse et al., 2011; Siddique et al., 2020). If a more professional, fast and efficient SC emerges as a result, organizations will support the operations for big data adaptation (Ferenhof et al., 2019). Therefore, organizational commitment is a crucial issue for big data adaptation in SC.  

Management Team Capability: Management team capability is an important aspect in the global SC (Kumar et al., 2020; Siddique et al., 2020). A management team should have expertise about CE and SOM in their closed loop SC operations (Saroha et al., 2018). The necessity of applying BDA tools is now emerging in modern production (Gunasekaran et al., 2017; Sivananda Devi et al., 2020). However, this adaptation can be achieved with a management team that includes information and data scientists and has mastery knowledge about the subject (Ferenhof et al., 2019; Siddique et al., 2020). 

Governmental Incentives: Government incentives are crucial for the sustainability and circularity of FSC changes. Being more sustainable in SOM in the context of CE is a fundamental objective for any organization (Aggarwal et al., 2019; Ghode et al., 2020). The use of big data in FSC for transition to CE and SOM is also related to the support provided by the government (Dunleavy, 2016). If government supports are at a level to encourage the use of big data, the use of BDA in SC can be expanded and will become more attractive to a greater number of companies (Milakovich, 2016). 

[bookmark: _Hlk66352014]To sum up, by considering literature review and expert opinions, ten drivers are determined in FSC for transition to CE and SOM. Based on mentioned drivers, it is aimed to analyse the relationships among BDA drivers in FSC, especially based on for transition to CE and SOM. Therefore, in the following section, research methodology is explained in detail. 

3. Research Methodology 

In order to investigate the relationships among BDA drivers in FSC for transition to CE and SOM, ISM is proposed in this study. Firstly, ten different BDA drivers in FSC for transition to CE and SOM are identified; these are SC Visibility, Operations Efficiency, Information Management & Technology, and Collaborations between SC partners, Data-driven innovation, Demand management & Production Planning, Talent Management, Organizational Commitment, Management Team Capability and Governmental Incentives. To investigate the relationships between these drivers, an ISM approach is used. FSCs are a multi-stakeholder structure and various factors and decisions need to be tackled to achieve CE and SOM in the supply chain. To deal with the uncertain environment of FSCs, there needs to be effective demand management, increased visibility, integration among technologies, enhanced relationships among stakeholders and a systematic approach throughout. With the use of ISM, various participants can present their ideas related to a range of issues under consideration and make recommendations on the importance of the variables involved. Hence, better management is made possible to handle the complex and multi-stakeholder nature of FSCs.

 In the following section, ISM methodology is introduced. 

3.1 Interpretive Structural Modelling 

Using the basic concepts and systematic implementation of graph theory, ISM was first developed by Warfield (Warfield, 1974); these basic methods were improved by the U.S. Vanderbilt Columbus Laboratory to show the relations between factors (Kim et al., 2018). ISM is a well-known method to determine interactions between factors (Hughes et al., 2016; Guan et al., 2020; Ma et al., 2020). The method is based on an interactive learning process (Xu & Zou, 2020). The method is also useful to indicate relationships among different elements (Rana et al., 2019a). This modelling approach provides insight into the understanding of different directly and indirectly related factors and relationships (Al-Muftah et al., 2021). Therefore, this method is used to describe complex relations between different variables (Rana et al., 2020).  Certain relationships and the system structure are expressed with a digraph (Attri et al., 2013). It is a significant aid to revealing the relationships between direct and indirect factors rather than the individual effects of the factors (Mishra et al., 2018). Firstly, the factors are determined, after a structural self-interaction matrix (SSIM) is constituted considering pairwise comparison of factors based on obtained opinions. In the third stage in this modelling approach, SSIM is converted into a reachability matrix (RM) as a transitivity controlling process is carried out. Finally, a matrix model is created and classifications of the factors and development of a structural model are performed. 

ISM has many advantages over other methods. It encourages participants to develop a deeper understanding of the topic under consideration and to reveal the importance of a particular list of elements and explore the relationships between these elements. It creates inter-personal communication related to the problems. It also provides a systematic approach since it considers all possible pair-wise comparisons; it is an efficient process, decreasing relations using a transitive method (Attri et al., 2013). However, this approach also has some disadvantages. It does not deal with a large number of variables. As the number of variables increases, the complexity of ISM also increases. Hence, it is unable to deal with all of the variables that affect the system, with some variables that are involved being ignored (Ma et al., 2020).  

The flowchart of the methodology is indicated in Figure I. 
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Figure I. Flowchart of the Methodology


Steps of this modelling technique are discussed below. 

Step 1. Structural Self-Interaction Matrix (SSIM): ISM is developed using expert opinions to establish relations between the factors (Devi et al., 2020). Therefore, through the collection of various experts’ opinions, relationships among the factors are established using the symbols below. 
V-The factor i develops to succeed driver j
A-The factor j develops to succeed driver i
X- The factors i and j develop to succeed each other
O- The factors i and j are unrelated.

Step 2. Reachability Matrix: This step includes developing an initial and final reachability matrix. Transforming the initial reachability matrix from SSIM can be achieved by replacing different symbols of SSIM using binary metrics in this matrix.
The following rules are used to develop RM.
· If the (i, j) cell is V then replace as 1 and (j, i) cell as 0 in the initial reachability matrix.
· If the (i, j) cell is A then replace as 0 and (j, i) cell as 1 in the initial reachability matrix.
·  If the (i, j) cell is X then replace as 1 and (j, i) cell as 1 in the initial reachability matrix.
· If the (i, j) cell is O then replace as 0 and (j, i) cell as 0 in the initial reachability matrix.

After obtaining the Initial Reachability Matrix, the next step is to develop a final reachability matrix.  
By using equation 1, the initial reachability matrix is developed from the final reachability matrix.
∀i,j,k, if ∃ k such that k≠i and k≠j
(M [i, k] = 1) ∧ (M [k, j] = 1) ∧ (M [i, j] = 0) then M [i, j] = 1∗                     		  [1]              
· M shows initial reachability matrix.
· While i indicate rows and j show columns.
· k indicates the (i, j) entry of the transitivity process
· ∀ cover all conditions of i, j, k. 
· ∃ indicates matching with column and row instance ‘1’ and ‘1’ respectively at location k (Hughes et al., 2020).

Step 3. Level partitions: After developing RM, the reachability set and antecedent sets generate the factors. An intersection set is created for all factors to determine the level of factors. Factors where accessibility and intersection sets are identical to each other are shown at the top of the ISM diagraph. After determining this, the factor is deleted from the matrix. The same steps are applied to find all the levels of factors. The graph and the ISM model are created through these levels.

Step 4. Conical matrix:  A conical matrix is created by classifying factors based on depending and dependency power using the final reachability matrix. The driving power of a factor and the dependency power are determined by summing the number of ones in the lines and the number of ones in the columns respectively.

Step 5. Digraph: The graphic is created from the reachability matrix using nodes and borders. In order to show relations between factors, a digraph visual representation is used.

Step 6. ISM Model: To represent the ISM model, a digraph is developed.

4. Implementation of the Study

An ISM approach is used to investigate the relationship of factors and structure the inter-relationships between driving power and dependence factors. The ten BDA drivers in FSC for transition to CE and SOM are used as factors in this study. Table II show these drivers.

[bookmark: _Hlk58682903]Table II. BDA drivers in FSC for transition to CE and SOM
	
	Factors/Drivers

	D1
	Supply Chain Visibility

	D2
	Operations Efficiency

	D3
	Information Management & Technology

	D4
	Collaborations between supply chain partners

	D5
	Data-driven innovation

	D6
	Demand management & Production Planning

	D7
	Talent Management

	D8
	Organizational Commitment

	D9
	Management Team Capability

	D10
	Governmental Incentive



Experts from industry are SC managers in food companies, food engineers and information technology managers; all have more than 5 years’ experience in their area of expertise. The expertise of academicians is in SC management, digital technologies, FSC and BDA. They are professors in their departments and have conducted studies on CE and SOM. Details are shown in Table III. 
Table III. Expert Classification from Industry and Academics
	Experts
	Position
	Work Experiences (Year)
	

	1
	Supply Chain Manager in Food Company
	10
	

Industry

	2
	Food Engineer
	15
	

	3
	Information Technology Manager
	8
	

	4
	Sustainability Environmental Engineer
	7
	

	5
	Sustainability Analysist
	9
	

	6
	Food Supply Chain
	6
	
Academics

	7
	Supply Chain Management
	7
	

	8
	Digital Technologies
	10
	

	9
	Sustainability Engineering
	8
	

	10
	Big Data Analytics
	4
	



Experts from industry and academia identified all the bilateral relationships between factors, determining whether one factor affects another and also how these factors affect each other. Considering the relationships obtained by experts, SSIM is established. SSIM is shown in Table 4. Symbols V, A, X, O were used to show the relationships among BDA drivers in FSC for transition to CE and SOM. The (j, i) in the matrix in Table IV is ignored because it indicates duplicate references.
Table IV. Structured Self Interaction Matrix
	i , j
	D10
	D9
	D8
	D7
	D6
	D5
	D4
	D3
	D2

	D1
	O
	O
	O
	O
	V
	O
	A
	A
	V

	D2
	O
	O
	A
	A
	A
	A
	V
	A
	1

	D3
	A
	O
	V
	O
	O
	X
	V
	1
	 

	D4
	O
	V
	V
	A
	O
	O
	1
	 
	 

	D5
	A
	O
	O
	A
	X
	1
	 
	 
	 

	D6
	O
	O
	O
	X
	1
	 
	 
	 
	 

	D7
	A
	A
	O
	1
	 
	 
	 
	 
	 

	D8
	O
	A
	1
	 
	 
	 
	 
	 
	 

	D9
	O
	1
	 
	 
	 
	 
	 
	 
	 

	D10
	1
	 
	 
	 
	 
	 
	 
	 
	 







The next step in ISM is the constitution of the initial reachability matrix and final reachability matrix. The structured self-interaction matrix is transformed to a binary format based on rules as discussed in the methodology section. 

In Table V, the initial reachability matrix is developed by converting it into binary form using the data in SSIM.
Table V. Initial Reachability Matrix
	i, j
	D1
	D2
	D3
	D4
	D5
	D6
	D7
	D8
	D9
	D10

	D1
	1
	1
	0
	0
	0
	1
	0
	0
	0
	0

	D2
	0
	1
	0
	1
	0
	0
	0
	0
	0
	0

	D3
	1
	1
	1
	1
	1
	0
	0
	1
	0
	0

	D4
	1
	0
	0
	1
	0
	0
	0
	1
	1
	0

	D5
	0
	1
	1
	0
	1
	1
	0
	0
	0
	0

	D6
	0
	1
	0
	0
	1
	1
	1
	0
	0
	0

	D7
	0
	1
	0
	1
	1
	1
	1
	0
	0
	0

	D8
	0
	1
	0
	0
	0
	0
	0
	1
	0
	0

	D9
	0
	0
	0
	0
	0
	0
	1
	1
	1
	0

	D10
	0
	0
	1
	0
	1
	0
	1
	0
	0
	1



The final reachability matrix is constructed, as shown in Table VI, by using the transitivity processes discussed in the methodology section. Transitivity is indicated by the notation 1*.
Table VI. Final Reachability Matrix
	i, j
	D1
	D2
	D3
	D4
	D5
	D6
	D7
	D8
	D9
	D10
	Driving Power

	D1
	1
	1
	0
	1*
	1*
	1
	1*
	0
	0
	0
	6

	D2
	1*
	1
	0
	1
	0
	0
	0
	1*
	1*
	0
	5

	D3
	1
	1
	1
	1
	1
	1*
	0
	1
	1*
	0
	8

	D4
	1
	1*
	0
	1
	0
	1*
	1*
	1
	1
	0
	7

	D5
	1*
	1
	1
	1*
	1
	1
	1*
	1*
	0
	0
	8

	D6
	0
	1
	1*
	1*
	1
	1
	1
	0
	0
	0
	6

	D7
	1*
	1
	1*
	1
	1
	1
	1
	1*
	1*
	0
	9

	D8
	0
	1
	0
	1*
	0
	0
	0
	1
	0
	0
	3

	D9
	0
	1*
	0
	1*
	1*
	1*
	1
	1
	1
	0
	7

	D10
	1*
	1*
	1
	1*
	1
	1*
	1
	1*
	0
	1
	9

	Dependence
	7
	10
	5
	10
	7
	8
	7
	8
	5
	1
	68



The final reachability matrix is evaluated considering the reachability and antecedent sets for each factor to determine the levels of factors (Warfield 1974; Hughes et al., 2020). Ten drivers are placed in six levels after six iterations. Table VII illustrates the iteration process. 
Table VII. Level Partition of iterations process
	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D1
	1,2,4,5,6,7
	1,2,3,4,5,7,10
	1,2,4,5,7
	 

	D2
	1,2,4,8,9
	1,2,3,4,5,6,7,8,9,10
	1,2,4,8,9
	I

	D3
	1,2,3,4,5,6,8,9
	3,5,6,7,10
	3,5,6
	 

	D4
	1,2,4,6,7,8,9
	1,2,3,4,5,6,7,8,9,10
	1,2,4,6,7,8,9
	I

	D5
	1,2,3,4,5,6,7,8
	1,3,5,6,7,9,10
	1,3,5,6,7
	 

	D6
	2,3,4,5,6,7
	1,3,4,5,6,7,9,10
	3,4,5,6,7
	 

	D7
	1,2,3,4,5,6,7,8,9
	1,4,5,6,7,9,10
	1,4,5,6,7,9
	 

	D8
	2,4,8
	2,3,4,5,7,8,9,10
	2,4,8
	I

	D9
	2,4,5,6,7,8,9
	2,3,4,7,9
	2,4,7,9
	 

	D10
	1,2,3,4,5,6,7,8,10
	10
	10
	 

	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D1
	1,5,6,7
	1,3,5,7,10
	1,5,7
	 

	D3
	1,3,5,6,9
	3,5,6,7,10
	3,5,6
	 

	D5
	1,3,5,6,7
	1,3,5,6,7,9,10
	1,3,5,6,7
	II

	D6
	3,5,6,7
	1,3,5,6,7,9,10
	3,5,6,7
	II

	D7
	1,3,5,6,7,9
	1,5,6,7,9,10
	1,5,6,7,9
	 

	D9
	5,6,7,9
	3,7,9
	7,9
	 

	D10
	1,3,5,6,7,10
	10
	10
	 

	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D1
	1,7
	1,3,7,10
	1,7
	III

	D3
	1,3,9
	3,7,10
	3
	 

	D7
	1,3,7,9
	1,7,9,10
	1,7,9
	 

	D9
	7,9
	3,7,9
	7,9
	III

	D10
	1,3,7,10
	10
	10
	 

	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D3
	3
	3,7,10
	3
	IV

	D7
	3,7
	7,10
	7
	 

	D10
	3,7,10
	10
	10
	 

	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D7
	7
	7,10
	7
	V

	D10
	7,10
	10
	10
	 

	i, j
	Reachability Set
	Antecedent Set
	Intersection Set 
	Iteration Level

	D10
	10
	10
	10
	VI



Iteration I of the level partition matrix, as shown in Table VII, indicates intersection sets by matching with the reachability and intersection sets. In the first iteration, the matching drivers are D2- Operations Efficiency, D4- Collaborations between SC partners, D8- Organizational Commitment; these are located at the top level of the ISM diagram. The matching drivers are in iteration 2, D5- Data-driven innovation, D6- Demand management & Production Planning. These drivers are shown at the second level of the ISM diagram. Matching drivers are in iteration 3, D1- SC Visibility, D9- Management Team Capability. In iteration 4, the matching driver is D3- Information Management & Technology. This driver is shown at level four in the ISM diagram. Factor D7- Talent Management is found in iteration 5. Therefore, this driver is shown at level five in the ISM diagram. In the last iteration of the process, the matching driver is D10- Governmental Incentive. This driver is shown at level six in the ISM diagram. The effect of this driver on other drivers in the model is located at the lowest level as it exhibits high levels.

Table VIII shows the canonical form of the matrix that is structured via the final reachability matrix where the drivers are classified by the level.

Table VIII. Canonical form of Final Reachability Matrix
	[bookmark: _Hlk64551279]Drivers
	D2
	D4
	D8
	D5
	D6
	D1
	D9
	D3
	D7
	D10
	Level
	Reachability Set

	D2
	1
	1
	1
	0
	0
	1
	1
	0
	0
	0
	I
	1,2,4,8,9

	D4
	1
	1
	1
	0
	1
	1
	1
	0
	1
	0
	I
	1,2,4,6,7,8,9

	D8
	1
	1
	1
	0
	0
	0
	0
	0
	0
	0
	I
	2,4,8

	D5
	1
	1
	1
	1
	1
	1
	0
	1
	1
	0
	II
	1,2,3,4,5,6,7,8

	D6
	1
	1
	0
	1
	1
	0
	0
	1
	1
	0
	II
	2,3,4,5,6,7

	D1
	1
	1
	0
	1
	1
	1
	0
	0
	1
	0
	III
	1,2,4,5,6,7

	D9
	1
	1
	1
	1
	1
	0
	1
	0
	1
	0
	III
	2,4,5,6,7,8,9

	D3
	1
	1
	1
	1
	1
	1
	1
	1
	0
	0
	IV
	1,2,3,4,5,6,8,9

	D7
	1
	1
	1
	1
	1
	1
	1
	1
	1
	0
	V
	1,2,3,4,5,6,7,8,9

	D10
	1
	1
	1
	1
	1
	1
	0
	1
	1
	1
	VI
	1,2,3,4,5,6,7,8,10



Table IX indicates the driving power and dependence power of the model. 

Table IX. Driving and dependence power of ISM
	Factors
	D2
	D4
	D8
	D5
	D6
	D1
	D9
	D3
	D7
	D10
	Driving Power
	Reachability Set

	D2
	1
	1
	1
	0
	0
	1
	1
	0
	0
	0
	5
	1,2,4,8,9

	D4
	1
	1
	1
	0
	1
	1
	1
	0
	1
	0
	7
	1,2,4,6,7,8,9

	D8
	1
	1
	1
	0
	0
	0
	0
	0
	0
	0
	3
	2,4,8

	D5
	1
	1
	1
	1
	1
	1
	0
	1
	1
	0
	8
	1,2,3,4,5,6,7,8

	D6
	1
	1
	0
	1
	1
	0
	0
	1
	1
	0
	6
	2,3,4,5,6,7

	D1
	1
	1
	0
	1
	1
	1
	0
	0
	1
	0
	6
	1,2,4,5,6,7

	D9
	1
	1
	1
	1
	1
	0
	1
	0
	1
	0
	7
	2,4,5,6,7,8,9

	D3
	1
	1
	1
	1
	1
	1
	1
	1
	0
	0
	8
	1,2,3,4,5,6,8,9

	D7
	1
	1
	1
	1
	1
	1
	1
	1
	1
	0
	9
	1,2,3,4,5,6,7,8,9

	D10
	1
	1
	1
	1
	1
	1
	0
	1
	1
	1
	9
	1,2,3,4,5,6,7,8,10

	Dependence Power
	10
	10
	8
	7
	8
	7
	5
	5
	7
	1
	68
	



MICMAC analysis is beneficial to show driving and dependency power visually (Mishra et al., 2017). The MICMAC diagram indicates the factors which are independent, dependent, with autonomous and linkage clusters (Bond et al., 2020). The MICMAC figure of this study is shown in Figure 2. From the chart it can be seen that the dependent measures are Operations Efficiency and Organizational Commitment. Linkage measures are SC Visibility, Collaborations between SC partners, Demand management & Production Planning, Data-driven innovation and Talent Management.  Independent measures are Information Management & Technology, Management Team Capability and Governmental Incentive as shown in Figure II.

[image: ]
Figure II. MICMAC Analysis

The independent drivers - Information Management & Technology, Management Team Capability and Governmental Incentive - are necessary to understand the system. Most other drivers depend on them. This group, which has high driving power but low dependency, provides an analysis of the system without being influenced by other drivers in the system. These drivers have the power to greatly influence other drivers in the system. Improvements in these drivers will enable other drivers to be improved.  Dependent drivers have a high dependency and low driving power. Dependent drivers, Operations Efficiency and Organizational Commitment, are heavily affected by other drivers. Those in the linkage cluster have both strong driving power and dependency. Therefore, any change in the factor affects other drivers. SC Visibility, Collaborations between SC partners, Demand management & Production Planning, Data-driven innovation and Talent Management drivers affect all other drivers.Governmental Incentive (D10)
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Figure III. ISM Diagraph for BDA drivers in FSC

As shown in Figure III., drivers with high driving power in the diagraph are at the lower level; drivers with high dependency power are at the higher level. Therefore, Governmental Incentive is the most basic driver to achieve BDA applications in FSC for transition to CE and SOM. Talent Management is located in level 5. Governmental Incentives enable businesses to act to implement Talent Management strategies. Programmes can be set up to provide employees with education and training as governmental regulations are introduced. With effective Talent Management, technology development and effective information management become available within the company. An increase in Information Management & Technology will act as a driver for SC Visibility and Management Team Capability. Developing strategies on SC Visibility will make Demand management & Production Planning more effective; a strong Management Team Capability is a driving force in Data-driven innovation development. Finally, Operations Efficiency, Collaborations between SC partners and Organizational Commitment, located in Level 1, are key drivers for the application of BDA in FSC for transition to CE and SOM. 

5. Discussions and Implications 

FSC are more vulnerable to the effects of disruptions (Djekic et al., 2014). Therefore, features such as visibility, transparency (Kumar and Ganguly, 2020) and data integrity are extremely important and useful in FSC for transition to CE and SOM (Rejeb et al., 2020). To provide these features in FSC to enable transition, it is necessary to implement BDA (Tasnim, 2020). BDA provides efficient data collection and recording to ensure sustainable SC operations (Kamilaris et al., 2017). A deep understanding of the drivers of BDA in SC is essential for successful implementation of BDA in SC operations (Darvazeh et al., 2020). There is a critical research gap of analysing drivers of BDA in FSC for transition to CE and SOM; this gap needs to be filled.

In accordance with Devi et al. (2020), operations efficiency is determined to be in the category of dependent factors. Although, Yang and Lin (2020) do not analyse BDA, they do analyse the SC drivers, stating that information and knowledge sharing with SC partners and technological capabilities are dependent factors. In contrast with Yang and Lin (2020), in this study, collaboration between SC partners is seen as one of the linkage factors with information management and technology also accepted as a linkage factor in their findings. According to Ganbold et al. (2020), information technology has several benefits for supply chains. Furthermore, although the paper of Xu and Zhou (2020) does not examine the role of BDA, for the energy sector, collaboration and communication is determined as a linkage factor, similar to the findings of this paper. However, in contrast with this study, Rana et al. (2019b) conclude that ‘governance’ is the most important barrier for smart cities. 

Based on the results of the study, driving, linkage and dependent factors have been determined. According to these factors, several implications are drawn up for using BDA in FSC for transition to CE and SOM. These are shown in Figure IV. 
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Figure IV. Implications based on drivers of BDA in FSC


As shown in Figure IV, there are various implications for driving, linkage and dependent factors of BDA in FSC. Governmental incentives have been identified as the most important dependent factor for the use of BDA in FSC transition. Incentives introduced by government should be regulated to prevent food fraud and laws should be created accordingly. The most important way to prevent food fraud is through strict government guidelines that should be rigorously enforced. Governments should implement a variety of regulations to cover a range of possible scenarios in uncertain environments to achieve environmental, economic and social sustainability in FSC.  The aim must be to prevent food waste and ensure more efficient use of resources throughout the distribution chain.

Reducing food loss and waste is another implication. Food loss and waste is a critical problem in FSC.  New ways should be explored to reduce food losses through regulating government policies to prevent food fraud, increase operational efficiency and facilitate collaboration between SC partners with the help of BDA. Besides, when considering reverse activities in the reverse food supply chain from a CE perspective, both the type and variety of data are seen to increase. New SC partners can therefore be added to the FSC processes. However, the transition to circularity means that an increasing number of reverse activities in FSC are generated. Therefore, to manage the complex structure of FSC, understanding the inter-relations of BDA drivers is a really significant issue to enable transition from linearity to CE.

Increasing tracing and traceability is essential for using BDA in FSC transition to CE and SOM. Therefore, governmental incentives should be planned based on tracing and traceability activities in FSC enabled by know-how or new technologies. Furthermore, because of applicable SC visibility and collaboration between SC partners, tracing and traceability in FSC can be increased. Making innovative decisions and managing effectively in SC, which are inherently complex activities and full of uncertainties, are only possible with more sustainable management of resources. Thus, for a company to achieve lasting success, BDA drivers are required to make the transition from linear to CE and to achieve SOM.

Management team capability and talent management depend must include knowledge about BDA in FSC transition to CE and SOM. All companies need qualified management teams and skilled workers experienced in data science to use BDA in their operations. This is a prerequisite to ensuring more effective operations in their SC management. Therefore, training activities should be planned based on data science or MIS.  Since big data develops new and innovative ways for managers to handle an excessive amount of data, business managers should focus on data analytics; it is not possible to implement data analytics without well-trained human resources. Businesses should set up ongoing training programmes to improve the know-how of employees in terms of CE and SOM and to ensure that staff have up to date knowledge as new technologies emerge.

To encourage organizational commitment and collaborations between SC partners, there is a need for a holistic view. This view should embrace all of the stakeholders in FSC. Implementing BDA to make the transition to CE and SOM can help to provide this holistic view, based on provision of a reliability strategy as a competitive advantage in SC. Based on CE perspectives and considering the reverse and closed loop activities, the increasing number of stakeholders and the presence of trust among stakeholders have become even more important issues. Creating and developing a more reliable supply chain can ultimately be achieved by ensuring traceability of information between multi-stakeholders.

BDA provides increased resilience in a crisis situation as it has the capacity to accelerate decision-making processes in reinstatement. This has been demonstrated during the COVID-19 pandemic. Therefore, BDA is essential for demand management and production planning to ensure operational efficiency. The increasing production processes and greater number of supply chain stakeholders involved in the transition to CE can be managed more effectively by adapting BDA to the process.

Another implication concerns the data-driven innovation factor. Packaging design should be given greater importance rather than product design. In order to increase BDA, packaging that can collect data, such as QR Codes, will provide more data and will not be lost over time. This should be the preferred design. Besides, the increasing number of stakeholders and higher complexity and uncertainty in closed loop supply chains highlight the importance of data security. From linearity to CE transition, data-driven technologies play a fundamental role. Data availability and security are important for both internal and external stakeholders. 

ERP (enterprise resource planning) systems should be integrated with other tools and technologies using BDA. This will benefit information management and technology, demand management and production planning plus collaboration among SC partners. BDA should also be used in analysing and developing new processes. With the use of BDA, new possibilities should be investigated and new processes based on the transition to CE should be developed.

[bookmark: _Hlk57035994][bookmark: _Hlk64029996]Besides managerial and policy maker implications, BDA and its impact on innovation in FCS is an essential, new and trending issue for the world. It is an increasingly important topic of study for academics. It is hoped that this paper will motivate academics to further research BDA technologies and help propose new and different types of technologies not only for FSC, but for SC from every sector in the long term.

6. Conclusions

With the rapidly increasing population around the world and the globalization of markets, it is becoming more difficult to manage and track goods and resources. The management of SC that are particularly sensitive, such as FSC, is becoming more complex. Collecting, storing and analysing data becomes extremely important as the SC structure becomes more complex with advancing technology. Especially in CLFSC, the process is becoming more critical in contrast with a linear economy.  Because of this, it is extremely important to determine the criteria that affect the use of BDA in FSC transition to CE and SOM and to identify the relationships between them. 

Initially, experts and academicians with many years of experience on the subject were consulted to determine the drivers of BDA in FSC transition to CE and SOM. After deciding on the drivers, ISM was used to find the interactions between these drivers.

[bookmark: _Hlk64030235]Results show that the main drivers are Information Management & Technology, Governmental Incentives and Management Team Capability. The most basic driver to achieve BDA applications in FSC for transition to CE and SOM is found to be Governmental Incentives. The independent factors are categorized as Organizational Commitment and Operations Efficiency. SC Visibility, Data-driven innovation, Demand management & Production Planning, Talent Management and Collaborations between SC partners can all be classified as linkage factors. In addition, improving strategies in SC visibility provide effective Demand management & Production Planning. Management Team Capability is an essential driving force in Data-driven innovation development. Lastly, Operations Efficiency, Collaborations between SC partners and Organizational Commitment are determined as key BDA drivers in FSC for transition to CE and SOM.  

This study shows that the interactions between these drivers will benefit industry and academia to prioritize and actively research the effects of BDA applications in FSC. The transition to CE and SOM for many sectors of industry needs further examination. Areas that have been highlighted are regulations to prevent food fraud, laws concerning government incentives, reducing food loss and waste, increasing tracing and traceability and training activities to improve knowledge about BDA. Focusing on data analytics and adopting these implications with the help of BDA is essential for SOM in CE. 

[bookmark: _Hlk66352201]There are some limitations to this study. It is difficult to cover many variables related to a particular topic. Any increase in the number of variables increases the complexity of the model. This model can only be created with a limited number of variables. Relationships can be developed by obtaining more expert opinions for the problem under consideration. The developed model is a static model; it cannot address the dynamic relationships between factors. This analysis considers binary type of relationships and therefore the strength of interactions among elements is not considered. Moreover, the evaluations used in the study consist of subjective judgments. For this reason, it becomes difficult to generalize. Lastly, in the study, since big data is a newly spreading issue, there have been delays in the search for an expert in this field.

[bookmark: _Hlk66351741]As a future course of study, relationships between variables can be increased. Besides, proposed factors in this study can be enhanced and different drivers may affect for implementing Big Data Analytics in food supply chains for transition to a circular economy and sustainable operations management and these drivers need to be adapt applications in the future. In order to validate the model, Structural Equation Modelling can be used. This work can be carried out in other sectors other than the food sector to obtain more widespread findings. Besides other sectors, it can be analysed on a stage-by-stage basis in FSCs. The drivers of different industry 4.0 tools and Blockchain technologies can be determined using this model. 

[bookmark: _Hlk64029940]List of Abbreviations: 
BDA – big data analytics;
CE - circular economy; 
CLFSC – closed loop food supply chain;
ERP - enterprise resource planning;
FSC - food supply chain; 
ISM - interpretive structural modelling;
RM - reachability matrix; 
SC - supply chain
SOM – sustainable operations management; 
SSIM - structural self-interaction matrix;
MICMAC – Matrice d'Impacts Croises Multiplication Appliques a un Classement, or Impact Matrix Cross-Reference Multiplication Applied to a Classification
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