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Abstract
In rapidly changing business conditions, it has become extremely important to ensure the
sustainability of supply chains and further improve the resiliency to those events, such as
COVID-19, that can cause unexpected disruptions in the value supply chain. Although glob-
alized supply chains have already been criticized for lack of control over sustainability and
resilience of supply chain operations, these issues have become more prevalent in the uncer-
tain environment driven byCOVID-19. The use of emerging technologies such as blockchain,
Industry 4.0 analyticsmodel and artificial intelligence drivenmethods are aimed at increasing
the sustainability and resilience of supply chains, especially in an uncertain environment. In
this context, this research aims to identify the problematic areas encountered in building a
resilient and sustainable supply chain in the pre-COVID-19 era and during COVID-19, and
to offer solutions to those problematic areas tackled by an appropriate emerging technology.
This research has been contextualized in the automotive industry; this industry has a complex
supply chain structure and is one of the sectors most affected by COVID-19. Based on the
findings, the most important problematic areas encountered in SSCM pre-COVID-19 are
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determined as supply chain traceability, demand planning and production management as
well as purchasing process planning based on cause and effect groups. The most important
issues to be addressed during COVID-19 are top management support, purchasing process
planning and supply chain traceability, respectively.

Keywords Sustainable supply chain · Resilience · Emerging technologies · Artificial
intelligence · Decision support system

Abbreviations

DEMATEL Decision making trial and evaluation laboratory
SSC Sustainable supply chain
SSCM Sustainable supply chain management
SCM Supply chain management
AI Artificial intelligence
I4.0 Industry 4.0

1 Introduction

The supply chain (SC) is transforming into a more delicate and complex structure due to
increasing competition, costs and rapid technological developments worldwide (Kumar &
Kumar Singh, 2021;Wong et al., 2020). This drives supply chain management (SCM) toward
achieving green growth, although this is challenging from the sustainability perspective
(Mathiyazhagan et al., 2016; McGrath et al., 2021). It becomes difficult for these SSCs
to be monitored, controlled and to be sustainable and resilient (Majumdar et al., 2020;Wang-
Mlynek & Foerstl, 2020). Furthermore, being sustainable (Rahman et al., 2021) and resilient
has now emerged as the most important issue for companies throughout the world (Golan
et al., 2021; Paul et al., 2021a).

Sustainable supply chain management (SSCM) is the management of supply chain oper-
ations, resources, information and funds to maximize social welfare (Karmaker et al., 2021)
and supply chain profitability while minimizing environmental impacts (Wang-Mlynek &
Foerstl, 2020). Moreover, SC resilience can be defined as the power of supply chains to
cope with unexpected changes at the minimum level (Alonso-Muñoz et al., 2021), to resist
crises and to maintain their continuity despite changes in the market (Sharma et al., 2020).
Therefore, sustainability and resilience of SCs are concepts that affect each other (Singh
et al., 2020). In order to build an effective sustainable SSCM concept (Karmaker et al., 2021)
and further increase its performance (Sarker et al., 2021) and resilience, organizations can
adopt emerging technologies such as blockchain (Bayramova et al., 2021; Kurpjuweit et al.,
2021), Industry 4.0 and artificial intelligence (Birkel &Müller, 2020). Using these emerging
technologies, especially artificial intelligence (AI), greatly benefits organizations to become
more sustainable and resilient to cope with disruptions occurring in SSCs (Singh et al., 2020).

AI is a branch of computer science (Di Vaio et al., 2020a, 2020b; Gupta et al., 2021), with
a main goal of developing computer technology that can act and think like a human being.
These thinking machines can then imitate, learn and eventually replace human intelligence
(Jarrahi, 2018). AI is a technology that can be used especially for SSC planning, demand
forecasting and optimization (Muñoz-Villamizar et al., 2020).One of themost critical benefits
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of AI is that it can analyse data and ensure the continuous improvement of SSC processes
(Wu et al., 2021).

When studies on the use ofAI in SSCs are analysed,AI is often defined as intelligence visu-
alized bymachines where action-based abilities mimic autonomy instead of process-oriented
intelligence (Paul &Tresita, 2020). From a SSC perspective, optimization in warehouseman-
agement (Wu et al., 2021), autonomous tools for logistics and transportation (Alonso-Muñoz
et al., 2021), supplier relationshipmanagement predictive analytical studies, stock control and
planning, purchasing process planning (Min, 2010) and demand planning (Muñoz-Villamizar
et al., 2020) can all be effectively performedwith AI technology at minimum cost to business.

Although there are the same problematic areas in SSCs before and during the period of
COVID-19 (Paul et al., 2021b), different problems have grown as a threat to resilience in SSCs
during the COVID-19 period (Alonso-Muñoz et al., 2021; Sharma et al., 2020). Problems
that were previously at an acceptable level are now more complex in the COVID-19 era
(Aday & Aday, 2020; Chowdhury et al., 2020). When problems in SSC grow as an effect,
having a more resilient SSC is important (Paul et al., 2021c; Sarkis et al., 2020; Shahed et al.,
2021). In this sense, AI can help in finding solutions to confront these problems (Muñoz-
Villamizar et al., 2020). Although AI is a type of technology that existed pre-COVID-19, the
necessity of AI comes to the forefront in times of unexpected disruption such as COVID-
19 (Sharma, Srivastava, et al., 2021; Sharma, Thomas, et al., 2021; Singh et al., 2020). In
existing literature, the impact of COVID-19 in SSC (Alzoubi et al., 2022; Pimenta et al., 2022)
has been recently studied. Moreover, AI solutions for SSC problems have been conducted
Faasolo & Sumarliah, 2022; Singh et al., 2022). However, studies on the use of AI techniques
to increase the sustainability and resilience of supply chains during COVID-19 are lacking.

There is a need to understand the importance of using AI in SSCM and to study those
problematic areas related to sustainable and resilience supply chains both pre-COVID-19 and
duringCOVID-19 that require the use ofAI. Therefore, thiswork aims to identify problematic
areas related to a sustainable and resilient supply chain pre-COVID-19 and during COVID-19
and to match appropriate AI technologies as a solution. As a result, the research questions of
this study can be summarized as follows:

• RQ1: What are the problematic areas related to sustainable and resilient supply chains
pre-COVID-19 and during COVID-19?

• RQ2: Which AI technologies can be used to solve these problems by comparing the
problematic areas experienced in SSCMboth in the pre-COVID-19 era and duringCOVID-
19?

The sustainability and resilience of supply chains of different industrial sectors have been
questioned during COVID-19 (Wong et al., 2020). The automotive and electronics sectors
have been the sectors where the effect on operations has been particularly damaging. For
this reason, there needs to be thorough testing in long and complex SSC structures to see the
impact of COVID-19 (Mofijur et al., 2020; Singh et al., 2020). For instance, food SCs are
smaller than automotive SSCs and it is difficult to see the impact of COVID-19 in detail (He
& Huang, 2020). Therefore, identifying these problematic areas is an issue that should be
focused on in order to find permanent solutions for SSCs in the future. Hence, the motivation
of the research is to address SSCs and to identify the problematic areas that arise against
resilience and sustainability in SSCs before and during COVID-19, and to find solutions to
these problems in the post-COVID-19 environment.

In order to address the research questions, one of themain objectives of the study is to inves-
tigate the availability of AI driven solutions to the problematic areas arising in SSCs during
COVID-19. Driven by previous literature and experts’ opinions on the subject, six important
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problematic areas arising in SSCM before and during COVID-19 are identified. In addition,
these problematic areas related to sustainable and resilient supply chains pre-COVID-19
and during COVID-19 should be evaluated to rank the AI driven solutions according to
their importance. In this study, the fuzzy DEMATEL method, one of the best multi-criteria
decision-making techniques, is used to analyse cause and effect relations of the criteria them-
selves. Moreover, to match problematic areas with AI technologies, the Delphi method, a
structured communication technique developed as a systematic, interactive forecasting tool
based on a panel of experts, is implemented towards the end of the study.

Section 2 addresses the problematic areas encountered in resilience and SSCM in pre-
COVID-19 times and during COVID-19; the importance of AI and its use in SSCM is also
examined. Section 3 covers methodology with Sect. 4 detailing the case study undertaken.
Section 5 highlights the discussions that have emerged and the conclusions drawn.

2 Literature review

2.1 Problematic areas encountered in resilience and SSCM Pre-COVID-19
and during COVID-19

COVID-19 causes differences in business models and SC operations. For this reason, the
supply chain problems encountered before COVID-19may differ from those during COVID-
19. Six problematic areas related to sustainable and resilient supply chains pre-COVID-
19 and during COVID-19 were determined from the literature review. These problems are
referred to as criteria in the implementation of the study; it is denoted by the capital letter
C. The final set of problematic areas include Inventory Management (C1), Optimization
in Logistics Operations (C2), Purchasing Process Planning (C3), Demand Planning and
Production Management (C4), SC Traceability (C5) and Top Management Support (C6).
These problematic areas are listed in Table 1 and explained in detail below.

InventoryManagement (C1): In order to reduce the difficulties faced by companies in stock
management, it is necessary to accurately predict the amount of stock and determine optimum
stock levels (Eaneff et al., 2020). Inventory management becomes complicated in developed
SSCs (Paschen et al., 2020). Demand changes can be experienced especially in situations

Table 1 The Problematic Areas Encountered in Resilience and SSCM in the Pre-COVID-19 era and During
COVID-19 (Criteria)

Criteria Author(s)

Inventory Management (C1) Gunasekaran et al., (2015), Eaneff et al., (2020),
Paschen et al., (2020), Preil & Krapp, (2021)

Optimization in Logistics Operations (C2) Foster & Rhoden, (2020), Mouammine et al.,
(2020)

Purchasing Process Planning (C3) Min, (2010); Dumitrascu et al., 2020,
Rodríguez-Espíndola et al., (2020)

Demand Planning and Production Management (C4) Nguyen et al., (2018), Raut et al., (2019), Husna
et al., (2020)

SC Traceability (C5) Kamble et al., (2020), Wu et al., (2021)

Top Management Support (C6) Ferenhof et al., (2019)
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such as sudden disruption in SCs (Maslaric et al., 2013). These demand fluctuations cause
problems in the current inventory management of many companies (Klibi et al., 2018).
Therefore, in order to increase resilience in SC, companies have to give importance to real-
time inventory management, optimization of production and stocks by providing visibility,
automation of replenishment strategies and safety stocks (Gunasekaran et al., 2015). For this
reason, there is a need for the adoption of technologies such as AI.

Optimization in Logistics Operations (C2): Problems arising from lack of optimization in
logistics operations are experienced in complex and multi-supplier SSC structures (Foster &
Rhoden, 2020) as they becomemore vulnerable to disruptions. Failure to achieve optimization
in logistics operations in SCs harms resilience of the SC (Pavlov et al., 2019). In logistics
processes, the role of logistics facilities,warehouses, the geographical areawhere the facilities
are located, the capacity of warehouses, information and technological infrastructures must
all be fully planned (Kaur & Singh, 2019). Therefore, technologies that emerge as a result of
AI are required to manage the SC as they minimize the errors that may occur in the logistics
process and facilitate optimization in operations (Mouammine et al., 2020).

Purchasing Process Planning (C3): Increasing competition in the business environment
requires companies to make better quality purchasing decisions with lower costs (Dumi-
trascu et al., 2020; Min, 2010). Decisions made in the purchasing process are extremely
difficult and strategic (Rodríguez-Espíndola et al., 2020). In order to ensure resilience and
sustainability, especially in the face of unexpected situations (Pereira et al., 2020), compa-
nies should also show alternative planning behaviors in their purchasing process planning
(Ambulkar et al., 2015). For this reason, companies may need systems that include technolo-
gies such as AI in their purchasing processes to determine alternative purchasing scenarios
and to put them into operation (Allal-Chérif et al., 2021).

Demand Planning and Production Management (C4): Demand planning and production
management are the most important factors to determine the performance of SSCs (Nguyen
et al., 2018). Effective demand planning and production management ensure the correct
functioning of operations in the SSC (Raut et al., 2019). Unexpected events may cause unex-
pected fluctuations in demand and cost increases in SC; this affects production management
(Nguyen et al., 2018). In unexpected crisis environments, it becomes difficult for companies
to maintain resilience in their SCs. In other words, traditional demand and supply planning
approaches are inadequate; sharp changes in market and commercial dynamics, pandemics
or natural disasters can cause damage to the resilience of SCs (Purwaningsih & Hermawan,
2021). Therefore, in companies with high and increasing demand levels, the adoption of tech-
nologies such as AI is necessary to balance supply and demand and to plan future production
processes (Husna et al., 2020).

SC Traceability (C5): Monitoring every stage in multi-layered global SSCs makes it easier
to take measures against unexpected problems (Kamble et al., 2020). The traceability of the
SC helps to find instant solutions to the problems that arise in the SC, to eliminate problems
without delay in the other processes and to ensure the resilience of the SC (Roy, 2021). An
increase in efficiency is observed in the operations of a company with high SC traceability;
the traceability of SSCs is possible with the implementation of digital technologies such as
AI (Wu et al., 2021).

Top Management Support (C6): Integration of digital technologies into operations in corpo-
rate companies with a developed SSC structure is possible with high levels of management
support. The use of digital technologies in SSC structures supported by management brings
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operations closer to perfection. Top management support acts as a decision-making mecha-
nism in order to find solutions to problems that arise in SSCs and to increase the resilience and
sustainability of SSCs (Olaleye et al., 2021). Especially in disruptive times, it is necessary
to adopt digital technologies such as AI.

From the literature review, it can be seen that there is a research gap in defining which
problems are encountered before and during COVID-19 and whether there is a difference in
importance of the problems. To sum up, emerging technologies provide increased resilience
and sustainability in SCs (Ramirez Lopez & Grijalba Castro, 2021). AI is an emerging
technology associated with the decision-making processes in companies; to a large extent,
AI improves SSC tracking systems, tactical planning and execution, allowing managers to
learn the complex patterns that lead to errors (Dauvergne, 2020). AI technology already
plays an important role in advanced SSCM and logistics solutions, increasing efficiency and
effectiveness, resilience and sustainability (Singh et al., 2020). Therefore, in the following
section, the importance of AI and its use in SCM is explained.

2.2 AI applications to enhance resilience and sustainability of SCs

The pandemic has affected almost the entire world with its speed and rate of spreading
(Gunessee & Subramanian, 2020). COVID-19 affects not only human health, but the global
SSCs of nearly all countries (Deloitte, 2020).Many difficulties have emerged—an increase in
production costs, access to raw materials, logistics, stock management problems and labour
availability (KPMG, 2020). The main reason why the impact of this pandemic on global
SSCs is so great is that it spread from China, an important buyer of industrial products and
the primary producer of high value-added products (Majumdar et al., 2020); many countries
are dependent on China in terms of raw material supply (Elavarasan & Pugazhendhi, 2020).

Since the beginning of the pandemic, the closure of factories has caused production to
come to a halt (Belhadia et al., 2021). This has negatively affected the manufacturing sector,
mostly in the sustainability and resilience of SSCs (Mageto, 2021). One of the industriesmost
affected in the manufacturing sector is the automotive industry. In terms of the automotive
industry, China is the country that produces most automotives and automotive parts in the
world (Ivanov & Dolgui, 2020). This has meant that the pandemic period has witnessed
a sharp decline in the automotive industry. Large companies around the world had to stop
production because they could not access supply parts from China (Ivanov, 2020; Queiroz
et al., 2020).

AI technology may be needed at every stage of a SSC (Dauvergne, 2020). For example;
the most effective management elements in SSCM are matching demand and supply (Singh
et al., 2020).However, information gapsmay occur due to various reasons—incorrect demand
forecasting which causes demand and supply to be mismatched in SSCs and communication
problems between SC partners (Queiroz et al., 2020). This situation causes distortions in the
SSC. In this environment, AI technology, which can be used to match demand and supply,
will prevent an information gap since it will operate using real data (Pereira & Frazzon,
2020).

Recently, digital transformations have been introduced worldwide with Industry 4.0 (I4.0)
technologies coming to the fore in this digital revolution (Michel-Villarreal et al., 2021; Zhou
et al., 2020). The most prominent technology among I4.0 technologies such as blockchain,
internet of things and cloud technologies is seen as AI technology (Singh et al., 2020).
AI is defined as the ability of machines to communicate and imitate human capabilities
(Nesmachnow et al., 2007; Paschen et al., 2020). AI is now seen as a means to providing
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competitive advantage (Kaur et al., 2020). Therefore, many companies prefer to switch from
remote monitoring to control, optimization (Notte et al., 2020) and advanced autonomous
AI-based systems to improve resilience of their SSCs (Paschen et al., 2020). Although AI
technologies can be used in many areas such as marketing, logistics and production, they
can also be used in almost all areas and sub-fields of SSCM, providing advantages such as
high accuracy, solving problems with more inputs and producing high-speed solutions (Jones
et al., 2020).

Planning is one of themost important issues in SSCM. Problems such as errorsmade in the
planning period, prolonged delivery times or fluctuations in the preparation times of products
can be eliminated by AI technologies (Grover et al., 2020). In addition, problems that arise
in manufacturing processes (machine failure, product related problems etc.) may cause delay
in shipments and interruption to the SSC, threatening resilience in SSCs (Gunasekaran et al.,
2015). AI technology provides real-time and continuous information about machine failures,
thus improving the process (Grover et al., 2020).

Methods such as genetic algorithms, ant colony optimization (Pedemonte & Cancela,
2010) machine learning, artificial neural networks and data clustering are sub-technologies
of AI; these should be applied at different stages of SSCs as solutions to different problems
(Dzalbs & Kalganova, 2020). AI in SCM provides improved SC automation through the use
of virtual assistants, both in a specific organization and between SCmembers (Schniederjans
et al., 2020).

One AI technology, the genetic algorithm, is frequently used to solve complex problems
that are difficult to decipher with traditional methods (Gholizadeh & Fazlollahtabar, 2020).
The genetic algorithm makes the SSC more efficient by conducting surplus and deficiency
analyses, especially in stock management, in order to minimize the costs arising in SSCM
(Rostami et al., 2020).

Ant colony optimization algorithms are derived from ants that leave a volatile substance
called "pheromone" when searching for food (Pedemonte et al., 2011; Vijayan et al., 2018).
Ant colony optimization inSSCMaims tofindoptimal resultswith different algorithmoptions
(Delgoshaei et al., 2019). For example, distribution time optimization in logistics operations,
network optimization or ant colony optimization can be used tominimize losses (Zhang et al.,
2019).

Machine learning, another sub-technology of AI, enables us to discover patterns in SSC
data by relying on algorithms; these quickly determine the most effective factors for the
success of supply networkswhile learning about the process (Benbarrad et al., 2021).Machine
learning supports other AI technologies and enables effective management of optimization
and planning processes by making predictions with zero error (Li et al., 2021).

Artificial neural network is a new AI technology that has been proposed based on modern
biology research processes of human brain tissue (Chawla et al., 2019). It is a technology
that simulates the structure and behaviour of the human brain. Neural network is now the
most popular computing technology to solve demand planning problems in the SSC (Zhang,
Srivastava, et al., 2021). Artificial neural networks provide benefits such as automation of pro-
duction systems in demand planning and production management, control of the production
process and quality control (Chawla et al., 2019).

Lastly, data clustering is the process of grouping data according to their similarity to each
other for uncertain or imprecise data (Dong et al., 2021). Due to the decision support system
it creates in SSCs, it enables effective decisions to be made in purchasing processes (Yung
et al., 2021). To sum up, AI is an emerging technology which provides more resilient and
sustainable SCs to cope with sudden disruptions such as COVID-19 by considering all steps
of SSCs rationally and effectively.
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By addressing the problems determined in this study, it is aimed to find causal relation-
ships between these criteria. For this reason, fuzzy DEMATEL is used to show the order
of importance and relations of the criteria related to sustainable and resilient supply chains
pre-COVID-19 and during COVID-19. The research method is explained in the next section.

3 Methodology

TheDEMATELmethod is amethod used to determine affected and affecting factors that have
a complex structure in developing events (Saroha et al., 2021). Themost important advantage
of the DEMATEL method is that it covers indirect relationships with a compromised cause-
effect model (Saroha et al., 2021); it reveals the relationships between criteria, the priorities
of the criteria according to the type of relationships and the severity of the effects of the
criteria on other criteria (Patil & Kant, 2014). The DEMATEL method divides the factors
into cause and effect groups, giving the opportunity to plan and solve problems as a draft
(Jindal et al., 2021). Due to its nature, DEMATEL can give logical results in complex and
dynamic environments (Ahmadi et al., 2020). With the visual and bilateral relations it offers
as a result of implementation, DEMATEL can provide solutions to dynamic decision-making
problems (Yazdi et al., 2020). Regarding disadvantages, when compared to the Interpretive
Structural Modelling method, the DEMATEL model is based on a one-way relationship
between criteria, while the Interpretive Structural Modelling method looks at the reciprocal
relationships between criteria. Basically, this method aims to draw meaningful results by
visualizing complex cause and effect relationships (Jindal et al., 2021). However, it is very
difficult to determine the degree of interaction between factors in these relationships (Wu
& Lee, 2007). This is because of the problems in quantitatively expressing the interactions
between factors (Saroha et al., 2021). Therefore, Lin andWu carried the DEMATEL method
to the fuzzy environment (Wu & Lee, 2007).

The fuzzy DEMATEL has a specific procedure for implementation. The first step of the
method is a determination of criteria and creation of a fuzzy scale. In this step, criteria should
be determined in order to make an evaluation (Patil & Kant, 2014). In order to determine the
influencing and affected factors, meaningful relationships between these factors should be
established by experts (Yazdi et al., 2020). After these relationships are established, binary
comparisons between criteria should be made (Kang et al., 2019). However, to determine
to what extent one factor affects another factor when making a comparison is quite difficult
(Patil & Kant, 2014). A fuzzy scale has been proposed to overcome this difficulty (Kang
et al., 2019). According to this scale, the effect of a factor on another factor is considered as
a linguistic variable. This is expressed in five linguistic terms ranging from excess, to normal
to very little (Başhan &Demirel, 2019). In linguistic terms, it is expressed in triangular fuzzy
numbers (Yazdi et al., 2020).

The second step of this method is to create the direct relationship matrix. In this step, to
measure the level of relationships between the criteria {C1, C2, …, Cn}, each expert creates
a binary comparison matrix with linguistic expressions (Kang et al., 2019). Assuming that
the decision group consists of p elements, a p decisionmatrix is obtained (Başhan&Demirel,
2019).

The third step of the method is creating the normalized direct relationship matrix. The
total relationship matrix is created in step four (Yazdi et al., 2020). After the (D-R) and (D
+ R) groups are determined, the defuzzification process is carried out (Başhan & Demirel,
2019). Then, an analysis is made by drawing a cause-effect relationship diagram with the
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help of the defuzzification process (Kang et al., 2019). At the end of the implementation, the
causal relationships between criteria are found.

The research flowchart for this work is given in Fig. 1.
As shown in Fig. 1, a detailed literature review around problematic areas encountered in

resilience andSSCMpre-COVID-19 andduringCOVID-19was conducted to determine these
problematic areas; this was supplemented with expert opinions. After consideration of the
comprehensive literature review and opinions expressed by experts, a priority set of criteria
was established for different companies working in the automotive sector in Turkey; the
final set was ratified by five experts. These are SCM and logistics academics, representatives
of the ministry of industry and industry experts. The industry experts are also members
of the Automotive Industry Association in Turkey. In order to answer the second research
question, the Delphi method is implemented. Using the Delphi method helps in matching the
determined problems with AI technologies.

The case study is explained in the next section.

4 Case study

The automotive sector is one of the industries most affected in the context of resilience
and suitability in the COVID-19 period. The SC of the automotive industry needs to be
controlled and managed to ensure smooth operations. The automotive industry has faced
many challenges due to its complex SSC structure (He & Huang, 2020). Problematic areas
experienced in the SC, especially with the supply of raw materials, caused major disruption
of processes in the automotive industry; this resulted in increased costs. Notably, Turkey is
one of the largest automotive production bases in Europe (Ünal, 2020). Therefore, as a case
study, the SC of the automotive sector in Turkey is significant. In this context, the study is
organized based on the flow chart as shown in the previous section (Fig. 1).

After a detailed literature review, the problematic areas, the criteria set, were finalized
based on expert opinions. These experts have experience in different companies in the auto-
motive industry in Turkey. Although these problematic areas are the same for pre-COVID-19
and duringCOVID-19, it is expected that therewill be a difference in their priority of concern.
Therefore, a different expert group, consisting of SCM and logistics academics, represen-
tatives of the ministry of industry and industry experts, was convened to evaluate these
problematic areas to determine their priority and inter-relationships using fuzzy DEMATEL.
After the criteria set was verified, it was evaluated by nine experts working at highly respon-
sible levels in the SCM fields of automotive companies in Turkey. The details of these nine
experts are shown in Table 2.

It is critical to find causal relationship between criteria andmatch the determined problems
with AI technologies by using the Delphi method. It is expected that there will be a stage
for companies to increase their AI applications in SCM by arranging their SC structures
according to the criteria they should attach most importance to.

4.1 Application of fuzzy DEMATEL

Before proceeding with the implementation of the study, the following steps are followed to
summarize the procedure; stages of the implementation for the case study are presented.

Step 1: Determination of problematic set based on literature and expert opinions (given in
Sect. 2).
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Fig. 1 Flowchart of the study
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Table 2 Characteristics of experts

Gender Area of expertise Department No. of years in the
company

Total work
years

Male SCM Logistics 8 15

Male Demand Planning SC 5 10

Male Automotive Spare
Parts / SC

Purchasing 3.5 9

Male Spare Parts Purchasing 10 10

Male SCM Purchasing 1 10

Female SCM SCM 1.5 20

Female Logistics Purchasing and
Logistics

5 13

Male Warehouse and
Logistics
Organization

Logistics 6 4

Step 2: Data collection from nine experts (expert characteristics as shown in Table 2).
Using the linguistics terms of the DEMATEL method (VH- very high, H- high, L- low,
VL- very low etc.), the experts evaluated the problems in the list (as an example, Expert 1’s
assessment is given in Table 3.)

After expert linguistic assessments, each expert’s opinion is defuzzied on Excel by using
CFCS. Then, a direct relationship matrix is computed and an average matrix (Appendix 1)
is constructed. After that, the normalized direct relationship matrix (Appendix 2) is created.
The total relationship matrix (Appendix 3) is constructed; D+ R and D-R Values (Appendix
4) are calculated.

For data collection, according to the fuzzy DEMATEL application, nine experts made
bilateral comparisons between the problematic areas encountered in SSCM pre-COVID-
19 and during COVID-19; the causal relationships between these problematic areas are
investigated. The relationships between the identified problematic areas were evaluated by
experts. As previously mentioned, by following the steps of fuzzy DEMATEL, the D + R
and D-R values are shown on the graph; the relationships between the problematic areas are
analysed.

Table 3 Example of expert 1 linguistic assessment case (during COVID-19)

C1 C2 C3 C4 C5 C6

C1- Inventory Management VH VH VH H L

C2- Optimization in Logistics Operations VH VH VH VH L

C3- Purchasing Process Planning VH VH H VH L

C4- Demand Planning and Production Management VH VH VH L L

C5- SC Traceability H H VH VH H

C6- Top Management Support L L H H L
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Fig. 2 P a Pre-COVID-19. b During COVID-19

The same processes are repeated for pre-COVID-19. The causal diagrams according to
the D+R andD-R results for pre-COVID-19 and during COVID-19 are shown in Fig. 2a and
b. In Fig. 2a and b, comparative diagrams for the problematic areas encountered in SSCM
before and during COVID-19 are given.

In Fig. 2a, the reason group includes purchasing process planning (C3), demand planning
and production management (C4) and SC traceability (C5). In Fig. 2b, the reason group
consists of the support of the top management (C6), the planning of the purchasing process
(C3) and the traceability of the supply chain (C5). In Fig. 2a, the effect group includes the
senior management support (C6), inventory management (C1) and optimization in logistics
operations (C2). In Fig. 2b, demand planning and production management (C4), inventory
management (C1) and optimization in logistics operations (C2) are included in the effect
group.

Based on Fig. 2a and b, the most important problematic areas encountered in SSCM
pre-COVID-19 were identified as SC traceability (C5), demand planning and production
management (C4) and purchasing process planning (C3), respectively. The most important
problematic areas encountered in SCM during COVID-19 were top management support
(C6), purchasing process planning (C3) and SC traceability (C5).

The problematic areas with lowest importance in the effect group were optimization in
logistics operations (C2), top management support (C6) and inventory management (C1)
for pre-COVID-19. During COVID-19, optimization in logistics operations (C2), inventory
management (C1) and demand planning and production management (C4) were in the effect
group. The results are shown in Table 4.

According to the results of fuzzyDEMATEL, the problematic areas are both prioritized and
the relationships between them are revealed. It is therefore possible to offer solutions in order
to eliminate the most critical and highly important problematic areas related to sustainable
and resilience in supply chains pre-COVID-19 and during COVID-19. Implementation of
fuzzy DEMATEL identifies problematic areas related to a sustainable and resilient supply
chain pre-COVID-19 and during COVID-19. Matching AI technologies for sustainable and
resilient SCs are recommended.
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Table 4 Cause and Effect Groups for pre-COVID-19 and during COVID-19

Pre-COVID-19 During COVID-19

Cause group Purchasing Process Planning (C3) Cause
group

Top Management Support (C6)

Demand Planning and Production
Management (C4)

Purchasing Process Planning (C3)

SC Traceability (C5) SC Traceability (C5)

Effect group Top Management Support (C6) Effect
group

Demand Planning and Production
Management (C4)

Inventory Management (C1) Inventory Management (C1)

Optimization in Logistics Operations
(C2)

Optimization in Logistics
Operations (C2)

4.2 Delphi application—matching AI technologies to problematic areas

After determining the problematic areas with fuzzy DEMATEL, the opinions of the same
expert group are taken in order to find solutions to these problems with AI technologies
through the Delphi method. The implementation of the Delphi method consists of systematic
stages—revealing the approaches and perspectives of the experts on the problem situation,
examining them and reaching a consensus (Hosseini et al., 2022). Expert opinions are col-
lected for six problematic areas separately, using the Delphi method. For example, experts
evaluated the use of five different AI technologies; these are genetic algorithm, ant colony
optimization, machine learning, artificial neural networks and data clustering for the inven-
torymanagement (C1) problem.As a result of conducting theDelphimethod,AI technologies
recommended by each expert for each problem area are determined for the case study.

The results from the Delphi study are combined with observations from literature to
determine which AI technologies would be most beneficial to use for each of the problematic
areas. Therefore, based on the results obtained from the Delphi method, AI sub-technologies
that can be used in problematic areas encountered in SSCs are presented (Fig. 3).

According to the fuzzyDEMATEL results, themost important change is seen in the support
of top management (C6). The support of top management was in the effect group before
COVID-19; however, it became themost important in the cause group duringCOVID-19. Top
management support becomes crucial to arrange funding, provide necessary support to the
workforce and deal with the ongoing crisis. AI accelerates the decision-making process of top
management in order to increase the resilience in SSCs during such disruptions (Rodríguez-
Espíndola et al., 2020). Based on implementation of the Delphi study, it is seen that genetic
algorithm, ant colony optimization, machine learning, artificial neural networks and data
clustering technologies are beneficial in supporting top management (C6). In the automotive
industry, these technologies provide traceability, tracking and control of SC operations.

Another important change is seen in demand planning and production management (C4).
Demand planning and production management has passed from the cause group to the effect
group. Due to fluctuations in demand during COVID-19, demand planning is among the
problematic areas affected. Firms organize their capacity and stock plans with their product
development processes according to the demand information provided for analysis (Raut
et al., 2019). The efficiency of production management is dependent on the demand plan-
ning processes (Husna et al., 2020). For this reason, these decisions have great importance
for companies operating in an uncertain environment posing a threat to resilient SSCs.
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Fig. 3 Matching AI Technologies with Problematic Areas Encountered in SSCs by Using the Delphi Method

As seen with COVID-19, companies with complex SSCs have problems managing their
demand planning processes and accordingly experience difficulties in production manage-
ment (Muñoz-Villamizar et al., 2020). Again, AI driven applications can help managers in
such situations. Based on expert opinion, machine learning and artificial neural networks are
recommended as the most important AI technologies that can be used in demand planning
and productionmanagement (C4) in the automotive industry. Predicting zero error in demand
planning with machine learning could be one solution. As an example, there are some start-
ups in the automotive industry using machine learning for demand planning e.g. SPARK,
SONAH etc. Also, artificial neural networks provide benefits such as automation of pro-
duction systems in demand planning and production management, control of the production
process and quality control (Husna et al., 2020; Singh et al., 2020).

Inventory management (C1) is one of the most important problematic areas encountered
in SSCM and is in the effect group before and during COVID-19. Sudden disruptions in the
SSC does not only cause problematic areas for resiliency of SSCs, but also cause problematic
areas in the realization of companies’ stock plans (Eaneff et al., 2020; Paul et al., 2021d). It
is in the effect group before and during COVID-19 but there is an increase in the magnitude
of the problem. Those problematic areas that arose during the COVID-19 period and the
problematic areas experienced in the stock estimation and determination of optimum stock
levels affect businesses negatively and damage their orientation towards sustainability and
resilience (Paschen et al., 2020). The inventory planning system is generally seen as a complex
assignment in SSCs (Rostami et al., 2020). With the help of AI, visibility, simultaneous
tracking and planning can be included in stockmanagement (Notte et al., 2016; Schniederjans
et al., 2020). Based on expert opinions, genetic algorithm, one of the sub-technologies of AI,
creates prediction models with the least error rate and provides improvement in inventory
management in the automotive industry. With the help of a genetic algorithm, stock status
can be monitored and stock holding costs in the network can be minimized (Rostami et al.,
2020). For example, with the genetic algorithm, a certain aspect in stock management can
be provided by analyzing data such as the sales amount, sales price and production costs of
any product.
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Optimization in logistics operations (C2) is one of the important problematic areas in
global SSCM. Especially with COVID-19, this problem has become very prominent. AI
technologies should be used to optimize the logistics performance (Muñoz-Villamizar et al.,
2020). According to the results of expert interviews, among the five listed AI technologies,
machine learning and the ant colony optimization algorithm are technologies that can be
used for optimization in logistics operations by introducing SPARK, SONAH etc. Various
start-ups have optimized their SC operations by using AI such as Optimal Dynamics, Akua,
Revvo etc. Ant colony optimization is used to produce the closest to optimum solution in
complex optimization problematic areas (Dzalbs & Kalganova, 2020; Zhang, Che, et al.,
2021). Looking at the results, optimization in logistics operations is in the effect group both
pre-COVID-19 and during COVID-19.

In summary, inventory management (C1) and optimization in logistics operations (C2) are
among the important problematic areas pre-COVID-19. Some companies adopted just-in-
time production pre-COVID-19. Although delays in operations are not tolerated in crisis
environments, security stocks also remain at a certain level (Gunasekaran et al., 2015).
Disruptions in SSCs have shown that inventory management and optimization in logistics
operations are important if we are to maintain sustainable and resilient SCs (Grover et al.,
2020). Although they are in the effect group for both periods, there has been an increase in
their degree of effect.

Planning the purchasing process (C3) turns into a complex structure in companies given
the increasingly competitive environment (Min, 2010). The purchasing process before and
during COVID-19 is in the cause group. Organizations need to improve their purchasing
planning mechanism to produce high competitive advantage (Rodríguez-Espíndola et al.,
2020). Although it remains in the same group, it increases in terms of the magnitude of the
problem.Data clustering, one of theAI technologies, is beneficial in terms of decision-making
and process planning. It can be used in complex and uncertain systems (Dong et al., 2021).
Data clustering algorithms try to group the elements in the data set and produce resultswithout
the need for a mathematical model (Yung et al., 2021). Planning of procurement processes
that has become difficult with COVID-19 becomes easier with the help of data clustering
(Dzalbs&Kalganova, 2020). For example,making data clustering analyzes based on data and
indicators, especially during the planning stages of supply chains, ensures effective planning
procurement.

The traceability of the SC (C5) is in the effect group before and during COVID-19.
Although the traceability of the SC was a difficult and problematic process pre-COVID-19,
it became even more important and problematic during COVID-19. The traceability of the
SC should be supported by genetic algorithm, ant colony optimization, machine learning,
artificial neural networks and data clustering as supported by expert opinions. The effective
application of AI technologies increases traceability in SCs (Kamble et al., 2020). Recently,
many companies such as Baidu, Google, Flatiron Health etc. have started to profit from the
benefits of AI.

5 Discussions

This research examines the problematic areas encountered in SSCM before and during-
COVID-19. The results of previous studies that deal with similar issues and methods are
examined for more in-depth insights. Gultekin et al. (2022) listed the risks arising from
COVID-19; they presented the risk of change in demand in the cause group, while in this
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study, demand planning and production management problems are seen in the effect group
during the COVID-19 period. From Zhan et al. (2021)’s study, sales criteria is found to be
the most important among the criteria they considered to measure resilience. Purchasing
process planning is included in the cause group of problems listed in our study. These results
show that the issue of purchasing process planning is extremely important with or without
disruptions in SSCs. In contrast with this study, Jindal et al., (2021) focused on improving
the agility of supply chains.

Similar to our study, Finkenstadt and Handfield (2021) stated that SC traceability and
visibility are crucial problematic areas in SC; they concluded that if you can’t trace, you can’t
manage your SCoperations. Gunessee and Subramanian (2020) andHakovirta andDenuwara
(2020) determined that demand management is one of the problems areas in SC before and
during COVID-19; this is in agreement with our study. They stated that problems occur when
there are fluctuations in demand leading to failure in delivery times. This has increased due
to COVID-19. Moreover, decreasing production capacity and workforce unavailability may
cause production planning problems according to Lozano-Diez et al. (2020); this is also in
agreement with our study. Lozano-Diez et al. (2020) stated that these problems occurring in
SCs are among the major threats to resilience and sustainability of a SC.

According to studies prepared during the COVID-19 period (Di Vaio et al., 2020a, 2020b;
Ivanov, 2020), the adoption of AI technologies in SC structures will increase the resilience of
SSCs. However, in most previously conducted studies (Yadav et al., 2020), problematic areas
encountered in SSCs are not addressed in detail, as we have done in this study. According
to Belhadi et al. (2021), emerging technologies are beneficial to increase resilience and
sustainability in SCs. Similar to our study, Singh et al. (2020) stated that AI provides more
resilient and sustainable SCs. The uniqueness of this study can be seen in the matching of
AI applications with the problems that arise in the SC before and during COVID-19. Most
recent studies are focused on problems that occur in SCs (Queiroz et al., 2020; Shahed et al.,
2021; Sharma et al., 2020) as we did in this study. But, as a solid contribution to the body of
knowledge, our study matches the AI driven technologies to the listed problematic areas to
improve the overall sustainability and resilience of SCs.

6 Implications

Companies are beginning to better understand the importance of AI and are increasing their
investments in this direction. Given the emerging problems during COVID-19, companies
have become more willing to invest in AI supported supply chains. Based on discussion with
the experts, they stated that AI technologies should be used for processes that are critical in the
supply chain; theyhighlighted inventory control, demandplanning andpurchasing.Moreover,
AI technologies are recommended by companies because they provide many benefits such
as optimizing stock levels in an increasingly competitive environment, managing purchasing
decision processes with faster, higher quality and lower costs and being able to analyse data
and plan demand.

Managerial implications have arisen from this study. Since global SSCs in the automotive
industry include high production rates and high costs, the industry has been badly affected
by COVID-19. During COVID-19, the necessity of technology has emerged. Being able
to use technologies in SSC structures efficiently is one of the most important issues to be
addressed. The levels of financial outlay must also be faced by management. Especially in
the COVID-19 period, the adoption of new technologies has become extremely important to
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improve the sustainability of global SSCs. In addition, shutdowns in factories and the inability
to supply raw materials has caused huge disruptions in global SSCs. Allocating sufficient
financial resources to new technologies will also provide quick solutions to the problematic
areas encountered in global SSCs. Moreover, one of the most important requirements for
new technologies to be adopted and implemented in global SSCs is to provide a qualified
workforce. Especially in large institutions, trained personnel who are knowledgeable about
technologies should be employed.

Another implication, in events that lead to sudden disruptions in global SSCs such as
the COVID-19 period, is the support provided by management. Financial resources for new
technologies and employing qualified personnel are areas of focus formanagement in order to
ensure sustainability.As canbe seen from the results, the support of the executivemanagement
becomes even more important in the COVID-19 period. The vision of management and its
enthusiasm for technologies will increase the sustainability and resilience of companies.

One recommendation for policymakers is that incentive programs should be prepared in
order to implement new technologies such as AI in the public sector and state institutions;
laws should be revised accordingly. The study of traceability in multi-tier global SSCs is also
extremely important for sectors such as the automotive industry.With government incentives,
it is necessary to increase the applications of AI in particular sectors, especially in complex
multi-layered SCs. AI is an important subject that needs to be embraced and applied in SC
management. For this reason, it is extremely important for policymakers to provide training
for personnel. Furthermore, policymakers should provide incentives to increase uptake of
AI in SCs. This can encourage companies to learn about and apply AI in their operations.
Lastly, one of the most important aspects of AI is awareness. Companies should be made
aware about the benefits of AI in their operations. Therefore, policymakers should organize
awareness campaigns to increase knowledge about AI.

7 Conclusion

The structures of the SSC are evolving to a more complex and global dimension; this global
nature makes SSCs sensitive to disruptions caused by sudden events with resilience of a
SSC threatened. Recently, the COVID-19 pandemic, on a universal level, has negatively
affected not only human health but also many activities across many countries. Since the
start of the pandemic in China, countries continue to depend on China for production, so
that almost every sector and SSC structure have been affected. This virus, spreading around
the world, causes chaos in SSC structures. Research shows that the manufacturing sector is
one of the most affected sectors in the world in terms of SSC structure from a resilience and
sustainability perspective. Within the manufacturing sector, the automotive industry is the
most affected and difficult sector. The automotive sector has complex and challenging SSC
operations. Moreover, because of COVID-19, the problematic areas around resilience and
sustainability of SC operations have grown.

The main contribution of this study is to identify the problematic areas related to sus-
tainable and resilient supply chains pre-COVID-19 and during COVID-19 and to match AI
technologies as a solution to these problematic areas to increase resilience and sustainabil-
ity in operations. In the study, six problematic areas encountered in automotive SSCs were
identified. According to the results obtained, the most important change before and during
COVID-19 was the transition of top management from the affected group to the cause group.
In addition, although there is no change in the group of problematic areas such as stock
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management and optimization in logistics operations, the effect sizes have increased dur-
ing COVID-19. Based on these findings, it is recommended that AI technologies should be
adopted to confront these problematic areas in SSCs. Moreover, to match these problematic
areas with AI technologies, the Delphi method is applied. As a result of the Delphi method,
solutions are suggested—for inventory management problems, introduce genetic algorithm;
for demand planning and production management problems, artificial neural networks and
machine learning can be used. For management problems, all AI technologies can be benefi-
cial tomanage SSCs.Data clustering, genetic algorithm, ant colony optimization and artificial
neural networks provide benefits for supply chain traceability. It is critical to use machine
learning and ant colony optimization for optimization in logistics operational problems. Data
clustering is beneficial to address purchase and planning problems.

One of the limitations of the study concerns the research being conducted in the automotive
industry in Turkey. It has been difficult to collect data over time due to the current complicated
environment resulting from COVID-19. Results may vary according to country and sector.
Also, as AI is a relatively new topic, there is a lack of in-depth literature. As changes in
COVID-19 occur in the coming years, the problems addressed may differ and the list of
problem areas may need to be revised. In future, the listed AI driven technologies may also
be modified. The case study can also be carried out in other sectors other than the automotive
industry to obtain more widespread findings. Moreover, it can be handled on a stage-by-
stage basis in automotive SSCs. Considering the changing conditions of COVID-19, a new
perspective including post-COVID-19 problems can be added by using suitable decision-
making models. Finally, the agility of the supply chains can also be included in the model in
future.

Appendix

Appendix 1: AverageMatrix (Implementation for during COVID-19)

C1 C2 C3 C4 C5 C6

C1 0.0 0.9 0.8 0.9 0.9 0.7

C2 0.9 0.0 0.8 0.8 0.8 0.7

C3 09 0.8 0.0 0.9 0.9 0.8

C4 0.9 0.9 0.8 0.0 0.8 0.7

C5 0.9 0.8 0.9 0.8 0.0 0.8

C6 0.9 0.8 0.9 0.8 0.8 0.0
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Appendix 2: Normalized Direct Relationship Matrix (Implementation
for during COVID-19)

C1 C2 C3 C4 C5 C6

C1 0.0 0.2 0.2 0.2 0.2 0.2

C2 0.2 0.0 0.2 0.2 0.2 0.2

C3 0.2 0.2 0.0 0.2 0.2 0.2

C4 0.2 0.2 0.2 0.0 0.2 0.2

C5 0.2 0.2 0.2 0.2 0.0 0.2

C6 0.2 0.2 0.2 0.2 0.2 0.0

Appendix 3: Total Relationship Matrix (Implementation for during COVID-19)

C1 C2 C3 C4 C5 C6

C1 3.25 3.36 3.24 3.29 3.26 2.92

C2 3.17 2.93 3.00 3.02 3.01 2.71

C3 3.52 3.43 3.17 3.37 3.35 3.02

C4 3.34 3.27 3.16 3.03 3.17 2.86

C5 3.4 3.33 3.25 3.26 3.09 2.93

C6 3.36 3.27 3.20 3.21 3.19 2.74

Appendix 4: D+ R and D-RValues (Implementation for during COVID-19)

C1 C2 C3 C4 C5 C6

D + R 39.4 37.5 39 38.1 38.4 36.2

D-R − 0.7 − 1.8 0.8 − 0.3 0.2 1.8
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