
University of Plymouth

PEARL https://pearl.plymouth.ac.uk

Faculty of Arts and Humanities Plymouth Business School

2021-04-25

The role of Artificial Intelligence

networks in sustainable supply chain

finance for food and drink industry

Olan, F

http://hdl.handle.net/10026.1/17074

10.1080/00207543.2021.1915510

International Journal of Production Research

Taylor & Francis

All content in PEARL is protected by copyright law. Author manuscripts are made available in accordance with

publisher policies. Please cite only the published version using the details provided on the item record or

document. In the absence of an open licence (e.g. Creative Commons), permissions for further reuse of content

should be sought from the publisher or author.



0000-0002-7377-9882Femi Olana, Shaofeng [Q1]Liub, Jana Suklanc, 0000-0002-7159-6759Uchitha Jayawickramad, 0000-0003-3980-0796Emmanuel Arakpoguna

a Newcastle Business School, Northumbria University, Newcastle Upon Tyne, UK
b Plymouth Business School, University of Plymouth, Plymouth, UK
c NIHR Newcastle IVD Co-operative Translational and Clinical Research Institute, Newcastle University, Newcastle Upon Tyne, UK
d School of Business and Economics, Loughborough University, Loughborough, UK

The role of Artificial Intelligence networks in
sustainable supply chain finance for food and
drink industry
Recto running head : INTERNATIONAL JOURNAL OF PRODUCTION RESEARCH

Verso running head : F. OLAN ET AL.



CONTACT Femi Olan femiolan@outlook.com

History : received : 2020-07-13 accepted : 2021-04-02
Copyright Line: © 2021 Informa UK Limited, trading as Taylor & Francis Group

ABSTRACT

In the last decade, food and drink supply chain management has become an important part of global operations strategy. The
global food and drink industries (FDIs) is establishing supply chain operations across countries as a result of increasing demand,
this expansion has created challenges in coordinating operations that connect multi-suppliers, one as such is the financial enabler
for the multi-layered supply chain network. However, literature on artificial intelligence (AI) in FDIs is limited, this study explores
AI theory in supply chain networks and alternative supply chain financing for the FDIs. This study proposes a new conceptual
framework based on theoretical contributions identified through literature, a conceptual framework is established and further
developed to a meta-framework. This study explored the set-theoretic comparative approach for data analysis, the outcomes of
this research suggest that the probable contributions of supply chain networks driven by AI technologies provide a sustainable
financing stream for the food and drink supply chain.
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The food and drink industries (FDIs) have been facing immense cash flow challenges that are affecting operations; as a result,
firms are finding difficulties in sourcing funds to meet customer and supplier demands (Yakovleva, Sarkis, and Sloan 2012). In this
environment, supply chain finance has become the focal point of business financing, especially since the last recession where
financial services support for global supply chain industries and operations has been reduced or withdrawn (Lekkakos and
Serrano 2016). Therefore, we explore the important impact of Artificial Intelligence (AI) in stimulating financial services for FDIs
through supply chain network activities.

One of the impact of the economic collapse is shortage of liquidity for the FDIs (Huang, Yang, and Tu 2019). During this
challenging periods, FDIs initiated the trade credit system as an alternative form of financing enabling suppliers to continue
doing business, consequently leading to eventually worse situation in the supply chain (upstream) (Huang, Fan, and Wang 2019).
The consequences of this financial crisis contributed to the impulse for innovative solutions that support and optimise cash flow.
Among these solutions, supply chain finance (SCF) is one of the significant strategies, with the aim to ensure sustainable financial
flows within the industry by implementing technologically advanced solutions such as AI.

Although there is a consensus on the impact of the financial crisis in supply chain (SC) leading to the initiative of supply chain
finance. Thus, literature identify two views on the SCF: the first view is referred to as the ‘supply chain-oriented’ SCF, encirclements
operational financial capital decisions described in its components such as cash flow and accounts payables. In addition, this
perspective focuses on the optimisation of operational financial flows for FDIs (Yu, Huang, and Guo 2020). The second view, SCF
focuses primarily on the ‘financial view’ which includes financial products for FDIs (Huang, Fan, and Wang 2019). Frequently, the
financial view targets mainly ‘reverse factoring’ which is known as a financial agreement by which a financial institution procures
accounts receivables from selected, information-transparent, high quality buyers, with a credit risk which is lower than the one of
their more risky suppliers, thus allowing them to access short-term credit at a lower cost (Yu, Huang, and Guo 2020).

The opportunities of financial services through proposed AI-enabled supply chain networks (Ouyang and Li 2010), as AI
technologies in supply chain management (SCM) become popular, global FDIs are aspiring to implement AI in their supply chain
networks, especially for financial services (Xing et al. 2010). AI can help develop sustainable financial services by improving
performance and maintaining FDIs – supplier-customer partnerships. Although existing supply networks are mainly used to
conduct operations such as moving goods from suppliers to factories or sending finished products to customers, the amount of
data generated during these transactions are assets/resources that can be used during the technological implementation and
financial services. FDIs operation exist in multiple layers; thus, the network requirements and financing also vary at each layer and
by network (Cheung et al. 2004). Therefore, AI in existing supply networks offers an environment for data analysis and optimum
financial services. FDIs are expanding across the globe; in tandem, supply networks are also expanding and becoming more
dependable by leveraging alternative sources of financing to sustain operations and growth. Innovative technology such as AI
enhances supply chain finance partnerships between financiers and FDIs dependent on supply chain network activities. Prior
studies suggest that supply networks are one of the most reliable and sustainable areas of a supply chain that can support
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financial services (Caniato, Henke, and Zsidisin 2019; Carnovale, Rogers, and Yeniyurt 2019).

In this study, we develop a meta-framework based on extant literature in supply chain networks, supply chain finance, and AI
technologies. We also conduct an online survey for data collection, data analysis results in this study suggest that the
implementation of AI directly with SCF is not supported. However, the implementation of AI with SCNs is support as well as the
implementation of AI, SCNs, and SCF. These results further suggest that technogical advancements such as AI lead to a
sustainable financing for the FDIs. The final section of the paper presents the implications of the study, limitations, and paths for
future research.

The food and drink supply chain has been struggling with financial support since the 2008 economic recession (Gelsomino Luca
et al. 2016). In this context, scholars have explored factors such as supply chain finance risks (Coulibaly, Sapriza, and Zlate 2013),
supply chain finance opportunities (Bals 2019), food and drink firms (Yakovleva, Sarkis, and Sloan 2012), and supply chain
networks (Osadchiy, Gaur, and Seshadri 2015). Accordingly, this study reviews the literature on supply chain finance, supply chain
networks, and AI theories to develop a meta-framework based on the identified lacunae in research.

Regarding financial services in the food and drink supply chain, there exist many phenomena related to SCM including
information, cash flows and goods, which hold research importance for FDIs (Nagurney, Li, and Nagurney 2013). While there is
considerable research on cash flows, transactional data and information management in supply chains (Park and Park 2003); it is
also important to understand financial services that are available to FDIs. Data from goods and cash flows are integrated into this
discussion as well (Robu and Flynn 2017; Ruiying et al. 2017; Tunca and Zhu 2018).

Limited access to finance challenges the food and drink industries in dealing with, for example, the operations of routine
activities, meeting increasing customer demands and dealing with suppliers (Xu et al. 2018). The last financial crisis left a gap in
the cash flows for FDIs; hindering customers demand fulfilment, which, in turn, led to a shortage of goods in the market, with the
food and drink industries needing financial services from financial institutions or brokers (Yakovleva, Sarkis, and Sloan 2012; Yu, Li,
and Yang 2017). Given these challenges, financial institutions and brokers changed the standards and requirements of the
application processes. These changes further increased difficulties for food and drink supply chains, including the narrowing of
their cash flows (Zhan, Li, and Chen 2018; Cornett et al. 2011).

As customer demand continues to grow, FDIs need to find sustainable cash flows to meet demand. According to Kapelko (2019),
post-recession supply chain finance is designed to support the supply chain by providing financial services at low-interest rates
and with respect to cash flows and other financial activities. Dora et al. (2019) argue that the principles of supply chain finance
are a fundamental component of a sustainable food and drink supply chain. Financial institutions and brokers do offer credit and
trade financial supports to speed up food and drink operations (Yakavenka et al. 2019), although these services have no long-
term sustainability. Carnovale, Rogers, and Yeniyurt (2019) suggest that credit and trade financial services under supply chain
finance are a short-term solution that could boost the turnaround time of food and drink supply chain operations and reduce the
risks of interruptions.

Commercial financial giants can benefit food and drink supply chain financing. They can combine the inventory and financial
systems into a single integrated operations and finance system, wherein cash flows are provided based on need and level of
operation (Bals 2019; Song et al. 2019). In this vein, Hennelly et al. (2020) state that B2B financing under supply chain finance
offers trade credit and crowdfunding to support the food and drink supply chain. In practice, FDIs supply chain is increasing as a
response to increasing customer demand. This trend necessitates long-term sustainable financing. However, insufficient cash
flows are a common issue in food and drink supply chain operations and financial problems. There is an opportunity for
technological innovation that can alleviate some financial difficulties, especially cash flow issues (Pfohl and Gomm 2009; Kouvelis
and Zhao 2012).

Supply networks provide channels for information, transfer, management, and exchange of goods and services in the food and
drink supply chain, whereas supply chain networks with technological innovation enable supply chain finance processes (Russell
and Norvig 1995). In supply networks, supply chain partners benefit from multiple resources from the same channels, which
enhances efficiency, productivity, and collaboration (Pyo and Lee 2018; Fattahi 2020). FDIs are interested in integrative
innovations in supply chain networks wherein access to financial services is included in the opportunities available via this channel
(Mizgier, Wagner, and Jüttner 2015) and the operations, suppliers and customers are connected.

According to Wang and Hu (2017), the resource dependency theory is important for maximising supply network resources for
optimum efficiency and productivity. Further, the network environment also helps establish an understanding of all parties’
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operational needs in order to maintain working relationships. The perspective of the food and drink supply chain on network
environment is fundamental for resource sharing, especially when FDIs and supplier networks are interconnected (Nair et al.
2018). Hence, the relationships between FDIs, suppliers and financial service providers are defined based on an overall aim to
build sustainable supply networks while assuming the new structure combines existing networks and, ultimately, creates common
resources (D’Ignazio and Giovannetti 2014).

Wu et al. (2012) argue that the resource dependency theory is the fundamental concept for building sustainable networks that
can enable supply chain resource sharing. The history of supply chain network structures and development also reveals
opportunities to consider financial services. In supply chain networks, we find a proposal for an innovative method that unveils a
new structure for global financing; numerous studies suggest the need to interconnect FDIs, suppliers, and financial services into
one efficient bundle of networks (Ouyang and Li 2010; Osadchiy, Gaur, and Seshadri 2015; Basole et al. 2017). Song et al. (2019)
follows the same line of inquiry to identify the role of network brokerage. They suggest that FDIs need to expand existing supply
networks structure to connect with supplier networks globally, and this can occur through advanced technologies and information
management. The literature also examines how FDIs govern and negotiate control with partners and suppliers to facilitate
resource sharing, or the position of food and drink supply chains in the operations of innovative networks (Xu, Liu, and Wang
2008).

FDIs accessing financial services through networks suggest consistency, reliability, and dependability in the smooth operations of
day-to-day activities (Marn-Ling et al. 2007). Supply chain networks driven by technology are highly beneficial to the food and
drink supply chain, as they allow greater access to financial services owing to network-assured guarantees (Nair et al. 2018). The
dominant view on resource dependency theory is that it is significant for FDIs and suppliers in order for them to have consistent
access to shared resources and funding; which, in turn, ensures customer demands are met (Carnovale, Rogers, and Yeniyurt 2019).
However, supply chain networks need to welcome interdependencies in products, cash flows, resource flows and information
flows. Such dependencies in the food and drink supply chain networks open new opportunities for FDIs and suppliers to sustain
links by committing to AI-driven supply networks.

Some studies explore interdependencies that are both positive and negative for food and drink supply chain operations and then
emphasise opportunities for further research (Radhakrishnan et al. 2018; Cuervo-Cazurra, Mudambi, and Pedersen 2019; Taylor,
McLarty, and Henderson 2018). According to Ouyang and Li (2010), interdependencies are a continuous process in which FDIs and
suppliers promote new inter-cooperation in resource and information sharing. However, the degree of interdependencies is also
a risk in resource dependency theory, and mitigating factors are established to manage and control risk (Yu, Li, and Yang 2017).
AI-enabled supply chain networks are an emerging global phenomenon; along with this, a business continuity plan should be
formed to tackle initial issues that may arise (Palsule-Desai, Tirupati, and Chandra 2013; Basole et al. 2017).

The supply chain sector is poised to benefit greatly from technological advancements; the food and drink supply chain is
especially embracing this change by implementing innovative technologies like AI in supply networks, and thus changing the way
operations are conducted (Luger 2005). AI can function as hardware and/or software in a system that represents human
intelligence; this type of integration is increasing in all business operations, as firms become more dependent on technological
innovations (Jain 2009; Min 2010). For example, the car manufacturing sector introduced autonomous driving systems to assist or
support drivers and passengers on their journey; the aim is to enhance safety and safe driving experiences. Thus, AI technologies
and applications are supporting supply chain operations, machineries, and procedures in SCM (Xing et al. 2010; Fan et al. 2020;
Radhakrishnan et al. 2018; Ruiying et al. 2017). The impact of introducing new developments such as AI will not only bring
innovation and advancement but also affect the workforce in the FDIs, where employees require training and new skills to
embrace the new way of getting work done.

Operations in the food and drink supply chain require interactions between workers and machines; the class of these interactions
varies by the complexity of the intelligence in the supply networks (Gunasekaran and Ngai 2014). In the literature, intelligence is
defined as the process or ability to acquire expertise through experiences or skills, which is then applied to real-life circumstances
and, thereafter, provides added benefits (Dirican 2015; Thuermer 2016; Ehteram et al. 2017; Klumpp 2018). It is also the ability to
create seamless results through technology, data processing, and complex problem-solving, which require skills and knowledge in
the domain of human intelligence (Baryannis et al. 2019).

AI theories focus on innovations in machine intelligence that can support business and supply chain activities (Fan et al. 2020;
Radhakrishnan et al. 2018; Ruiying et al. 2017). For example, demand and inventory management are a crucial part of food and
drink supply chain strategies. AI provides forecasting tools through machine learning, which offers an endless predictive analysis
of big data to improve decision-making (Huang, Li, and Fu 2019).

AI consists of many components – the most important component for the food and drink supply chain is the humanlike feature of
analytics (Fan et al. 2020; Radhakrishnan et al. 2018; Ruiying et al. 2017). Scholars have shown that firms that have implemented at
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least one form of AI technology to their operations saw a growth increase of 10 percentage (Foresti et al. 2020; Fan et al. 2020).
Thus, the predictive growth rate for FDIs can increase by the same percentage with AI-driven innovations.

Mekov, Miravitlles, and Petkov (2020) suggest that AI technologies can boost productivity and support many operational sections
of the food and drink supply chain, especially supply networks. The attributes of AI technologies, such as human intelligence,
analytics, forecasting, and optimisation, are crucial for building sustainable supply chain financing with supply networks (Patnaik
2015; Zahraee, Khalaji Assadi, and Saidur 2016). AI technologies include knowledge networks wherein data are stored, processed,
and analysed; the rules of engagement during interactions and resourcefulness are managed herein (Moraga, Trillas, and
Guadarrama 2003; Wright and Schultz 2018). The knowledge networks monitor the activities of the systems that support
operations in the food and drink supply chain.

Supply chain requirements comprise of the food and drink supply chain inventories records, including operational requirements
like daily cash flows and suppliers’ requests. The inventories monitor and ensure sustainable working capital that supports daily
supply chain operational requirements (Xu et al. 2018; Tunca and Zhu 2018). Here, FDIs and suppliers prioritise effective control
and monitoring of financial activities. The cash flow is an important resource that is required for daily operations in the food and
drink supply chain as it supports transactions between FDIs and suppliers while also keeping the business afloat (Li et al. 2019).
Therefore, this study will be seeking answers to the following research questions (RQs) developing through this study's literature
section:

RQ1. Why is AI important for the sustainability of SCF using SCNs?

RQ2. How does moderating the integration of AI and SCNs promotes sustainable SCF?

Also, this study developed a meta-framework from the preceding literature review on supply chain finance, supply chain network,
and AI. Together, these three strains of theory allow us to find possible relationships. Table 1 summarises the contributions of the
relevant research, particularly with respect to each perspective identified in the meta-framework.

 Summary of the Theory Review.

2.4 Food and drink supply chain meta-framework

Table 1.

Citations
(category
order)

Research
Context Research aims

Benefit to supply
chain finance

Benefit to supply
chain network Benefit to AI

(Yakavenka
et al. 2019;
Dora et al.
2019)

Food and
Drink
Industries

In-depth
comprehensive
literature review of
studies on sustainable
operations, supply
chain, and food
products

Building conceptual
frameworks and
models to enhance
the understanding of
financial services and
funding

Finding associations
from supply networks
literature to support
the meta-framework
in this research

Supports
investigations of
the relationships
defined for
constructs of supply
chain financing and
supply chain
network

(Caniato et
al. 2016; Zhao
and
Huchzermeier
2015)

Supply
Chain
Finance

Understanding the
operations of finance
interface models,
sustainable financial
services and decision-
making

Literature linking
conceptual
frameworks and
models with financial
service activities,
sustainability, and
optimisation

Finding associations
from supply chain
financing and artificial
intelligence literature
to support the meta-
framework in this
research

Supports
investigations of
the relationships
defined for
constructs in the
supply chain
finance perspective



Prior works have detailed diverse views on supply chain finance for FDIs. Yet, all reach consensus that support with cash flows for
operational purposes (Caniato et al. 2016; Pfohl and Gomm 2009).

For our meta-framework, we identify three constructs – financial service providers, supply chain requirements, and cash flows –
from the literature on supply chain finance (see Figure 1).

FDI requirements for financial services depend on global demand. However, the requirements in the application processes are
complex and time-consuming (Bals 2019; Lekkakos and Serrano 2016). Financial service providers mainly focus on firms’ incoming
and outgoing cash flows, but most often they do not consider supply networks as tangible and valid resources.

Both supply chain network and AI perspectives are strategically integrated to achieve sustainable, technology-driven supply
networks. Here, there are three constructs – operations structure, operations connectivity, and network optimisation – associated
with the supply chain network perspective and two constructs for the AI perspective (see Figure 1). Ouyang and Li (2010) suggest
that conventional supply chain networks support supply chain operations by focusing on existing resources. This establishes long-
term relationships and partnerships between FDIs and suppliers. Other scholars argue for an innovative supply chain network that
is driven by innovative technology such as AI (Thuermer 2016; Dirican 2015).

There are emerging opportunities for the development of innovative and technology-driven supply chain networks that can
support sustainable financing. Figure 1 suggests that when AI is embedded into existing supply chain networks, the existing
information in the supply networks seamlessly improves the intelligence of supply chain networks. This way, a resourceful channel

(Thuermer
2016;
Gunasekaran
and Ngai
2014)

Artificial
Intelligence

Technology strategies,
models, and
implementations
incorporating new
innovations in twenty-
first century supply
chain planning and
control

The holistic approach
presented compares
the traditional
financial services with
technology-driven
financial services

Finding associations
from the Artificial
intelligence literature
to support the meta-
framework in this
research

Supports
investigations of
the relationships
defined for
artificial
intelligence
literature

(Song et al.
2019;
Carnovale,
Rogers, and
Yeniyurt
2019)

Supply
Chain
Networks

In-depth
comprehensive
literature review of
studies on sustainable
operations, networks
optimisation, and
sustainable networks

Building conceptual
frameworks and
models to enhance
the understanding of
financial services and
funding within supply
networks

Finding associations
from supply networks
literature to support
the meta-framework
in this research

Supports
investigations of
the relationships
defined for supply
chain network

 Food and drink supply chain meta-framework.Figure 1.



for financial services can be established.

The fsQCA configuration approach (Figure 1) adopted for this study has been supported by empirical research. For instance, this
research is an effort developed to test the existence of equifinality, arguing that there is more success in the combination of SCN
and AI in supply chain, specifically on financing in the FDIs. The equifinality theory advances support to FDIs’ ability to make
strategic decisions (Woodside 2013). In addition, along with Casillas and Martínez-López (2009) concept on equifinality in fsQCA,
Figure 1 proposed an extension to the SCN theory by integrating AI components, which allows for storage, retrieval and analysis
of data generated from SC operations which can benefit FDIs. FDIs market environment is partly exogenous and partly subject to
influence by the transactions happening via the networks, making strategic choices therefore impact on access to financing
(Caniato et al. 2016; Zhao and Huchzermeier 2015).

The existence of a relationship between SCN and SCF by linking the use of technological advancements such as AI, emphasising
Song et al. (2019) concept on ‘network brokerage’ and Kapelko (2019) on ‘competitive strategy for financing’ with its implications
for gaining access to financial resources, especially the generation of cash flow. This research approach supports the theory that a
high innovative propensity leads to a chain of financing opportunities at the networks level on SCM, which in turn aggregate into
the FDIs’ persistent expansion.

fsQCA configuration research, this study adopts complimentary and equifinality approach in the design of the three propositions;

Proposition 1: A high support level for the integration of FDIs networks and AI technologies. At least one typology of the
combinations is a sufficient condition for data sharing to achieve a high level of assets valuation for sustainable cash flow.

Proposition 2: Relationship mapping of components from the supply chain meta-framework to establish true associations of
valid entities. As part of proposed sustainable SCF that has a high support level of at least one proposed SCN relationship is a
sufficient condition for AI integration to achieve a high level of operational data corresponding with that type of financing.

Proposition 3: Verification of the combined solution pathway for associations of SCF, AI and SCF in the supply chain meta-
framework. performance dimension corresponding with that combination.

In this study, we conducted an online survey for data collection on FDIs, supply chain finance, supply chain network with AI
experts, managers, and researchers around the globe. We used Qualtrics to invite participants to participate (see Table 2). Over
563 respondents responded to the questionnaire. We particularly sought food and drink professionals, experts, and researchers, as
well as professionals and researchers in AI, supply chain, and supply chain financial services with at least one-year working
experience in any one of the following fields: food and drink supply chain, supply chain network management, supply chain
financial management, or supply chain-related technology and innovations. The participants were informed of the study goals;
the survey was scrutinised by expert panellists in the areas of food and drink supply chain, supply chain network management,
supply chain financial management, or supply chain-related technology and innovations. At the end of the online survey process,
233 respondents successfully completed the surveys (41% response rate). Prior to the full data collection, we completed
preliminary testing with five samples.

 Participants’ profile.

2.5 Configuration approach for supply chain meta-framework

3. Research method

3.1 Research design and data collection

Table 2.

No. Percent No. Percent

Gender Supply chain finance, supply chain network, and AI experience

Male 148 63.4 Less than a year 18 7.6

Female 85 36.6 1–2 year(s) 24 10.5

3–4 years 42 18.2

Age 5–6 years 53 22.7

18–24 17 7.2 7–8 years 52 22.3

25–34 37 15.9 9–10 years 25 10.6



Each perspective has at least two constructs as outlined in our meta-framework. For data collection, we implemented a seven-
point Likert scale ranging from ‘strongly disagree’ (1) to ‘strongly agree’ (7) in order to test for complementarity and equifinality.
Data analysis was conducted using fuzzy set analysis (fsQCA).

The fsQCA discovers complimentary and equifinality in the data analysis, as both are similar in the underlying assumption in
patterns of constructs that demonstrate various features and outcomes, depending on the structures of the associations on the
constructs (Klashanov 2018). Attributes within a relationship are arranged in conditions (present or absent) and connected; rather
than the overall effect of all the attributes, we consider standalone items for analysing the result. Complementarity occurs when
attributes show causal factors that match and support a higher level of outcome. Similarly, when defining equifinality, at least two
different pathways – known as combination of causal factors – generate the same level of result. Nevertheless, the discussion on
FDIs, supply chain finance, supply chain network, and AI technologies highlights the characteristics of causal asymmetry and
equifinality. Previous studies that used the econometric method for data analysis depend on casual symmetry and the assumption
of unifinality since there is a lack of an alternative method that supports casual asymmetry and the equifinality assumption
(Shipley et al. 2013; Ragin 2009).

fsQCA is an analytic technique that studies causal complexity, focusing on the outcomes of the conditions (necessary and/or
sufficient) for a set-theoretic approach using Boolean algebra (Ragin and Pennings 2005). Also, it has a set logic of two potential
outcomes: method of agreement or method of difference (Schmitt, Grawe, and Woodside 2017; Woodside 2013). Thus, fsQCA
emphasises causal patterns by exploratory set-subset relationships. Casillas and Martínez-López (2009) argue that members in a
set and the combinations of attributes that are linked with the casual complexity using Boolean algebra permit reduction in the
casual conditions and set of combinations.

Conventional approaches use a given population sample and consider the set-theoretic technique by distributing constructs of
each perspective with another, which helps develop both positive and negative relationships. For example, relationships that are
not supported by the results are classified as negative relationships based on testing with the available data; on the other hand,
they can generate results that are supported by another set of data (De Santis, Rizzi, and Sadeghian 2017).

The constructs in the three perspectives of supply chain finance, supply chain network, and AI technologies (see Figure 2) identify
the important role of relationship mapping (Arshad, Islam, and Khaliq 2014). This suggests a trade-off in some of the deviations
from the proposed meta-framework. Here, three deviations are significant in the fsQCA analysis: external validity, empirical
context, and alternative theory (Azadi et al. 2009).

(1). External validity: It is most difficult to set the required measurement when there are unclear questions. This makes it
challenging for participants to answer questions correctly. To tackle this problem, pilot testing is conducted with a small
sample size for a professional and researchers in the three research areas in order to clarify the questionnaire.

35–44 59 25.5 More than 10 years 19 8.1

45–54 72 30.8

55–64 45 19.1

65 or above 3 1.5

Location

Africa 29 12.5

Asia 41 17.5

Australia plus Oceania 30 12.7

Europe 60 25.8

North America 68 29.4

South America 5 2.1

3.2 Fuzzy set analysis

4. Data analysis and results



(2). Empirical context: In cases where any relationship mapping demonstrates weak support owing to some specific
features in the context, the validity of the relationships is considered inconclusive in the meta-framework based on the
empirical data gathered to validate the mapping. An example is a case that indicates the data result as weak support than
differentiated results on specified data; thus, the findings cannot be generalised. To mitigate this challenge, the relationship
in the meta-framework can be repeated using empirical context with different perspectives for the data analysis (Rikhtegar,
Javidan, and Keshtgari 2017; Karatop, Kubat, and Uygun 2015).
(3). Alternative theory: This refers to proposing explanations to understand the specific phenomenon that can occur
because of different factors that are available in the proposed meta-framework or using a completely different casual
factor.
(4). The process flow chart in Figure 3 indicates how relationship mapping is validated using Boolean algebra to classify the
level of support, ignore, or reject each association of constructs.

 Integrated meta-framework.Figure 2.

 Flow chart for consistency analysis.Figure 3.



Sufficiency analysis of the survey data supports combinations of three conditions that forecast consistency threshold, consistency,
and coverage for all solutions (see Table 3).

 Results for A1: Association of Artificial Intelligence and Supply Chain Finance.Table 3.

 A1: FSP·SCR·CF/AIN A1: FSP·SCR·CF/AIS

Condition S1 S2 S1 S2 S3 S4 S5 S6

Consistency 0.710821 0.707768 0.765686 0.765449 0.744607 0.721643 0.752359 0.724879

Raw coverage 0.161335 0.141693 0.271478 0.276201 0.122971 0.135516 0.176421 0.122943

Unique coverage 0.133212 0.113569 0.005228 0.009829 0.000000 0.014413 0.059603 0.020313

Solution consistency 0.698729 0.737556

Solution coverage 0.274904 0.433273

C1: H•S⊂Y-Consistency 0.577474 0.885895 0.741731 0.742281 0.738684 0.741347 0.661336 0.632467

C1: H•S⊂Y – Raw
coverage

0.037379 0.019773 0.067693 0.067888 0.036445 0.060719 0.076477 0.052048

C2: ∼H•S⊂Y –
Consistency

0.707803 0.707659 0.758817 0.758912 0.741195 0.720002 0.751887 0.721963

C2: ∼H•S⊂Y – Raw
coverage

0.160089 0.142945 0.261769 0.266685 0.121413 0.135352 0.174923 0.121360



This endorses low consistency for most of the pathways and suggests a trade-off relationship between the unique coverages,
which demonstrates conditions with the highest unique coverage (0.13). Table 4 suggests a combined solution pathway unique
coverage with the highest measure of (0.47), whereas Table 5 shows the highest unique coverage (0.17). Table 6 endorses a
combined solution pathway unique coverage (0.09).

 Results for A2: Association of Artificial Intelligence and supply chain networks.

C3: H•∼S⊂∼Y –
Consistency

0.592729 0.592729 0.646881 0.646881 0.638187 0.638187 0.638187 0.638187

C3: H•∼S⊂∼Y – Raw
coverage

0.389349 0.389349 0.400526 0.400526 0.400526 0.400526 0.400526 0.400526

C4: ∼H•∼S⊂Y –
Consistency

0.555285 0.560079 0.532188 0.529617 0.539168 0.545114 0.523206 0.528620

C4: ∼H•∼S⊂Y – Raw
coverage

0.654301 0.649741 0.607637 0.601397 0.695621 0.707863 0.673700 0.697165

Solution pathway result Reject Support Support Support Support Support Reject Reject

Combined solution
pathway unique
coverage of same result

0.133212 0.113569 0.02947 0.079916

Overall result Reject Reject

Table 4.

 A2: SO·OC·NO/AIN A2: SO·OC·NO/AIS

Condition S1 S2 S3 S4 S5 S6 S1 S2 S3

Consistency 0.686327 0.734068 0.762409 0.733449 0.769484 0.851297 0.970090 0.720484 0.821792

Raw
coverage

0.280026 0.167176 0.122587 0.167030 0.250633 0.088057 0.027005 0.476571 0.046173

Unique
coverage

0.105196 0.002648 0.020246 0.005280 0.089036 0.035288 0.015458 0.443178 0.018686

Solution
consistency

0.693129 0.728978

Solution
coverage

0.443688 0.511286

C1:
H•S⊂Y-
Consistency

0.729945 0.740807 0.861210 0.801838 0.801838 0.985291 0.990466 0.834103 0.822977

C1: H•S⊂Y
– Raw
coverage

0.071538 0.022629 0.017538 0.020266 0.020266 0.006270 0.005593 0.062100 0.029947

C2:
∼H•S⊂Y –
Consistency

0.691858 0.740586 0.760692 0.731484 0.768836 0.851061 0.959823 0.720516 0.819252



 Results for A3: Association of Artificial Intelligence components.

C2:
∼H•S⊂Y –
Raw
coverage

0.244050 0.166304 0.121164 0.166122 0.250094 0.090217 0.027701 0.476310 0.046260

C3:
H•∼S⊂∼Y –
Consistency

0.774825 0.560471 0.569823 0.569823 0.569823 0.569823 0.643419 0.643419 0.643419

C3:
H•∼S⊂∼Y –
Raw
coverage

0.047083 0.064451 0.066951 0.066951 0.066951 0.066951 0.066426 0.066426 0.066426

C4:
∼H•∼S⊂Y –
Consistency

0.530683 0.537898 0.534615 0.539583 0.531241 0.524059 0.452218 0.394305 0.449468

C4:
∼H•∼S⊂Y –
Raw
coverage

0.809864 0.881122 0.906462 0.880940 0.815159 0.909147 0.943653 0.600654 0.939324

Solution
pathway
result

Ignore Support Support Support Support Support Support Support Support

Combined
solution
pathway
unique
coverage of
same result

 0.152498 0.477322

Overall
result

Support Support

Table 5.

 A3: A1·A2/AIN A3: A1·A2/AIS

Condition S1 S2 S3 S4 S5 S1 S2 S3

Consistency 0.763913 0.751682 0.690030 0.767942 0.777452 0.705287 0.900013 0.744652

Raw coverage 0.319791 0.224194 0.196632 0.098132 0.138411 0.135570 0.022730 0.094514

Unique coverage 0.095767 0.073882 0.002741 0.000727 0.041629 0.045524 0.013280 0.009672

Solution consistency 0.731587 0.732550

Solution coverage 0.490663 0.158522

C1: H•S⊂Y-Consistency 0.778244 0.771931 0.784021 0.816038 0.761024 0.746731 0.744965 0.766578

C1: H•S⊂Y – Raw
coverage

0.077118 0.054361 0.058303 0.067703 0.024546 0.064645 0.003513 0.055519

C2: ∼H•S⊂Y –
Consistency

0.780748 0.751373 0.689291 0.785469 0.774987 0.697319 0.889444 0.743557



 Results for A4: Association of Artificial Intelligence, supply chain finance and supply chain networks.

C2: ∼H•S⊂Y – Raw
coverage

0.301072 0.222829 0.196266 0.092472 0.136927 0.130335 0.023318 0.095503

C3: H•∼S⊂∼Y –
Consistency

0.845701 0.734511 0.734511 0.777085 0.734511 0.638614 0.618892 0.618892

C3: H•∼S⊂∼Y – Raw
coverage

0.081937 0.097564 0.097564 0.092290 0.097564 0.077964 0.077964 0.077964

C4: ∼H•∼S⊂Y –
Consistency

0.529065 0.540981 0.541687 0.549152 0.538308 0.507846 0.501117 0.500067

C4: ∼H•∼S⊂Y – Raw
coverage

0.780900 0.848994 0.858642 0.959826 0.888785 0.906775 0.936251 0.917031

Solution pathway result Support Support Ignore Support
Weak

support
Strong

support
Support Support

Combined solution
pathway unique
coverage of same result

0.170376 0.041629 0.045524 0.022952

Overall result Support Strong support

Table 6.

A4: A1·A2/A3

Condition S1 S2 S3 S4 S5 S6 S7

Consistency 0.770447 0.756489 0.691651 0.695848 0.682610 0.772270 0.676070

Raw coverage 0.136668 0.185175 0.461778 0.230345 0.080959 0.090902 0.398668

Unique coverage 0.028184 0.043180 0.048283 0.037023 0.020250 0.024377 0.000000

Solution consistency 0.673365

Solution coverage 0.692684

C1: H•S⊂Y-Consistency 0.748419 0.910834 0.718837 0.840547 0.739235 0.738335 0.712783

C1: H•S⊂Y – Raw coverage 0.066208 0.063584 0.346939 0.098132 0.050418 0.065612 0.344732

C2: ∼H•S⊂Y – Consistency 0.767797 0.754910 0.679861 0.694787 0.721060 0.842208 0.664079

C2: ∼H•S⊂Y – Raw coverage 0.134921 0.184143 0.221752 0.228990 0.083170 0.082614 0.170646

C3: H•∼S⊂∼Y – Consistency 0.526228 0.526228 0.741027 0.526228 0.522128 0.525249 0.714871

C3: H•∼S⊂∼Y – Raw coverage 0.322003 0.322003 0.234046 0.322003 0.316754 0.312029 0.231289

C4: ∼H•∼S⊂Y – Consistency 0.464312 0.455414 0.448308 0.453566 0.477883 0.457350 0.456913

C4: ∼H•∼S⊂Y – Raw coverage 0.630372 0.578735 0.565748 0.558827 0.665093 0.647251 0.612720

Solution pathway result Support Support Ignore Ignore Ignore Support Ignore

Combined solution pathway unique
coverage of same result

0.095741

Overall result Support



Complementary shows support for the relationships in Tables 4–6, while there exists weak support in the relationships in Table 3.
However, condition S2 demonstrates support for the solution pathway. The relationship testing reconfirms these solutions,
highlighting high consistency in Tables 4–6 for all pathways and indicating an overall support in all the outcomes; Table 3
suggests otherwise.

Deviations in Tables 3–6 probably occur only through alternative theory. To understand the consistency and coverage clearly, it is
important to note the validity of the equifinality of each table because the outcomes of the attributes from all the perspectives
(supply chain finance, supply chain network, and AI technologies) share similar objectives. However, since Table 3 examines the
combination of supply chain finance and AI perspectives, the attributes of the AI perspective by themselves are insufficient to
advance financial services. Thus, AI can only be efficient when there are interactions with attributes from supply chain network
perspectives; the AI ‘do not care’ condition, as a peripheral, can be ignored. That is, AI requires supply chain finance and supply
chain network as part of the combination to reach high efficiency.

Hence, the results in Table 3 are not completely beyond expectation in considering all the constructs of supply chain finance as
well as the supply chain network (which is rejected), which has a ‘do not care’ condition or is peripheral in the solution pathway.
Table 3 is weakly supported because of the weak explanatory controls in the attributes of the two perspectives in the
relationships.

All the constructs shown in Tables 4–6 are supported; thus, the complementarity of the proposed combinations of supply chain
finance, supply chain network, and AI technologies is a common sufficient condition that generates high interactions between
financial services and AI. Equifinality exists, as complementarity between the proposed combinations of AI and supply chain
finance is significant for financial capability, which is sufficient to generate information through supply networks.

Through a detailed review of the literature and data analysis based on a questionnaire, we established a food and drink supply
chain meta-framework to understand the role of AI in developing supply networks for sustainable financial services. We
considered operational activities that are processes and procedures requiring channels such as operational networks. The data
analysis from our validated questionnaire presents significant outcomes. We thus evaluate the relationships developed from the
three perspectives explained earlier. First, as per Table 3, the constructs from supply chain finance and AI technologies
perspectives in the solution pathway result are rejected. Thus, information on the operations, cash flows, and partnership are
missing in this association. Second, according to Hennelly et al. (2020), the role of AI technologies in supply chains requires
sufficient availability of information flow and business processes. Table 4 indicates support for the supply chain network and AI
perspectives. Here, the constructs’ associations have consistency and coverage equal or above the requirement. Particularly, only
S1 (see notation in Table 4) was ignored from the result, implying that the constructs of supply chain network and AI technologies
are supported in our meta-framework. Martinez et al. (2019) state that implementation of technologies in the supply chain
improves how operations are conducted; it directly affects productivity owing to the use of technological algorithms and
analytics on complex operations. Thus, efficiency is easily achieved.

In this study, we have analysed, using fsQCA study methodology, the application of advanced technology such as AI to provide
answer to the RQs stated in section 2.4. the level of digitalisation in SC is constantly improving across every sub-division in FDIs. In
fact, there are remarkable advancements in the application of teachnologies transversing the sector (Gunasekaran et al. 2018).
However, the result in Table 3 demostrates a low support for AI and SCF integration only, meaning that the importance of a
digital finance process as an enabler for complex transactions do not exist currently. According to Surana et al. (2005), SCF
solutions are designed to manage most complex solutions at a high level of digitalisation in financial processes, however to
obtain a sustainable SCF solutions, Table 4 suggests that data and information available through SC networks are necessary
resources for implementing an AI driven financial solutions for the FDIs. The relevant role of AI in solving inefficient solutions in
the FDIs financial processes is the digitalisation of the SCF solutions which is highly dependent on the data available via SC
networks (Mizgier, Jüttner, and Wagner 2013).

According to Yu, Li, and Yang (2017), one of the long-existing issues in SC is the problem of aligning physical and financial
processes in the FDIs. Table 5 suggest in the findings that most FDIs supports digitalisation in SCF solutions in providing a long-
lasting improvement in their financial performance. Furthermore, the risk of bankruptcy can be reduced by sourcing funding
through the SC networks available in the FDIs (Dolgui, Ivanov, and Sokolov 2020). This result shows a significant implication for
both managerial and scholarly insight, as this study recommends rather than focusing only on finance as the only solution to the
SC financing challenges but to seek sustainable SCF solutions by positioning the whole spectrum of SCF perspectives available in

5. Discussion

5.1 Why is AI important for the sustainability of SCF using SCNs?

5.2 How does moderating the integration of AI and SCNs promotes sustainable SCF?



the SC networks. The major advantage of sourcing SCF through SC networks is that the gaps in financing for FDIs are tackled not
only for financial products but also providing opportunities on a wider spectrum (Gunasekaran et al. 2018).

Our results reinforce the value of implementing AI technologies in supply networks to support financial services for FDIs. In
practice, AI advances the understanding of complex issues in a system, suggesting the importance of alternatives financial
services (Yakavenka et al. 2019). However, besides other benefits for the network, the partnership between FDIs and suppliers
strengthens through sharing available financial resources (Venkatesh et al. 2019; Taleizadeh, Tavassoli, and Bhattacharya 2020). AI
brings together FDIs and supplier networks for financial services sharing, especially given the supply chain finance criteria and
regulations of financial institutions and brokers. The power imparted to parties in resource sharing ensures specific dependence
controls. This helps strike a necessary balance; access to resources available on the networks becomes mutually beneficial to all
parties; and there are performance monitoring measures in place (Oyemomi et al. 2019). Importantly, there is a need to unify
structures and operations in the networks into a single network system.

Our data analysis focused on complementary and equifinality relationships in the constructs of the three perspectives of supply
chain finance, supply chain network, and AI technologies. Thus, we enable a shared understanding of the explanatory influence
linking theoretical viewpoints with consistency (Wang and Hu 2017). Our meta-framework is novel; it presents complementary
results that contribute to the holistic evaluation of all constructs of the three perspectives. Thus, building relationships and
presenting the findings by identifying the importance of each relationship mapping could enable sustainable supply chain
financing for FDIs through AI-driven supply networks (Dora et al. 2019; Devalkar and Krishnan 2019; Tseng et al. 2018).

We extend the extant literature (Fan et al. 2020; Bals 2019; Radhakrishnan et al. 2018; Ruiying et al. 2017) on FDIs, supply chain
finance, supply chain network, and AI technologies. The online survey data advances the understanding of solution coverage
across relationship mapping, as we analyse the complementary efficiency and equifinality. The role of AI technologies observed
helps explore the conditions that differentiate the values of consistency and unique coverage in the fsQCA analysis. We also
address the gap in studies on supply chain networks (the environment) and FDIs, which benefit from the cascading resources in
AI-driven supply networks (Kuo and Kusiak 2019). Notably, fussy set data analytics contributes to complex causality in obtaining
new empirical outcomes.

In summary, our new meta-framework is a novel contribution. It explores the implementation of technology within existing
networks in the food and drink supply chain. It proposes availabilities of resources via AI-enabled networks and partnering with
financial institutions and brokers, based on data suggesting the potential of untapped resources within supply chain networks.

We conducted a robust literature review, followed by an in-depth empirical analysis of the complimentary and equifinality of the
data set. This allows researchers to gain a better understanding of the complex casualty on the significant role of technology in
advancing existing supply chain networks, which permits the integration of supply chain resources and operations. Resources such
as financial services can provide a solution to the challenges of cash flows, allowing for FDIs and suppliers to develop a
constructive strategy for the implementation of sustainable financing that considers the values of the supply networks (Pyo and
Lee 2018). In Figure 2, we put forth relationship mappings of constructs of the three perspectives by developing combinations for
solution pathways in the outcomes. FDIs’ prioritising of resources enables sustainable cash flows for operations and business
activities. Thus, AI unravels hidden and untapped resources in supply networks (Hofmann and Johnson 2016).

The challenge of FDIs and suppliers regarding financial services necessitates the search for alternative sustainable financing
options that consider operational assets such as supply networks and processes (Gelsomino Luca et al. 2016). Innovations enable
financial institutions and brokers to gain analytical information on food and drink supply chain operations using AI technologies.
They assist in decision-making that supports financial services based on the supply networks activities. AI technologies reduce
financial risks through the use of algorithms and analytic tools that forecast where potential risks exist in the networks and
operations. They analyse complex issues and risk exposures in supply chain operations, creating a rigorous intelligence system
sufficient for sustainable financing.

The limitations in this study allow for future research opportunities. Our focus was to achieve relationship mapping of supply
chain finance, supply chain network, and AI perspectives – specifically each perspective's constructs. One of the identified
limitations in this study is the nature of the research which is a hybrid approach that focuses on the amalgamation of technology
with SC. However, this limitation also proposes an opportunity for future research. We sought to enable sustainable food and

6. Conclusion, implications and future research

6.1 Theoretical implications

6.2 Industry implications

6.3 Limitations and future research directions



drink supply chain financing as one of the resources available on AI-driven supply networks. However, there are other
perspectives that are not considered in this study, such as FDI strategies, supplier behaviour, and customer demand. Regarding
the use of online surveys, future researchers should consider finance professionals and researchers in SCM and FDIs in order to
support a robust understanding of the financial sector.
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