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Abstract

Supply chain resilience (SCRes) and performance have become increasingly important in 

the wake of the recent supply chain disruptions caused by subsequent pandemics and cri-

sis. Besides, the context of digitalization, integration, and globalization of the supply chain 

has raised an increasing awareness of advanced information processing techniques such 

as Artificial Intelligence (AI) in building SCRes and improving supply chain performance 

(SCP). The present study investigates the direct and indirect effects of AI, SCRes, and SCP 

under a context of dynamism and uncertainty of the supply chain. In doing so, we have 

conceptualized the use of AI in the supply chain on the organizational information process-

ing theory (OIPT). The developed framework was evaluated using a structural equation 

modeling (SEM) approach. Survey data was collected from 279 firms representing differ-

ent sizes, operating in various sectors, and countries. Our findings suggest that while AI 

has a direct impact on SCP in the short-term, it is recommended to exploit its information 

processing capabilities to build SCRes for long-lasting SCP. This study is among the first 

to provide empirical evidence on maximizing the benefits of AI capabilities to generate 

sustained SCP. The study could be further extended using a longitudinal investigation to 

explore more facets of the phenomenon.

Keywords Supply chain performance · Artificial intelligence · Supply chain resilience · 

organizational information processing theory · Digital transformation

1 Introduction

The literature on big data analytics has demonstrated the use of predictive analytics for 

identifying the sources of supply chain disruptions resulting in improved supply chain resil-

ience (SCRes) (Choi et al. 2018). Firms should develop analytical capabilities to enhance 

the SCRes by effectively utilizing the resident firm knowledge, thereby strengthening 

organizations’ existing information capabilities (Wong et al. 2020; Scholten et al. 2019). 
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The studies have found a positive linkage between the business, information, engineering, 

and analytics to develop digitalization and supply chain risks. Emerging technologies such 

as Artificial Intelligence (AI), industry 4.0, additive manufacturing, and advanced product 

tracking applications hold significant potential for supply chain (SC) risk analytics, thereby 

improving SCRes (Ivanov et al. 2019). Blockchain, the other data-intensive technology, can 

help in mitigating the supply chain risks associated with the intermediaries’ interventions, 

including hacking, compromised privacy, vulnerability to political turmoil, costly compli-

ance with government rules and regulation, instability of financial institutions, and contrac-

tual disputes (Cui et al. 2019). A study to analyze the impact of data analytics capabilities 

on SCRes revealed that information planning, coordination, and control are the critical ena-

blers of supply chain preparedness, alertness, and agility leading to SCRes (Mandal 2019). 

Organizations’ are needed to take a dynamic, innovative, and proactive approach in manag-

ing risks. Risks and disruptions should be opportunities to adapt and evolve in the face of 

hyper-connected networks, advanced cyber threats, highly competitive environments, and 

changing customer expectations to improve the supply chain performance (Butler 2018). 

The resilient organizations must use the technological advancements in automation, AI, 

and the Internet of Things to increase collaboration and cooperation, both vertically and 

horizontally, internally and externally (Butler 2018; Kamble et al. 2018).

The literature identifies AI as a pathbreaking analytics tool to enhance the supply chain 

performance (SCP) sphere (Grover et  al. 2020). AI is related to statistical, self-learning, 

and predictive machine learning techniques to amplify human intelligence (Dubey et  al. 

2020). Grover et al. (2020) delineated AI as a facilitating factor presenting diverse solu-

tions, providing prescriptive inputs in the decision-making process in the face of a compli-

cated situation.

The proven potential of AI to underpin the decision-making process in supply chains 

triggers a profound reflection on how AI can be leveraged in pursuing the supply chain’s 

long-term performance and competitive advantage, i.e., innovation (Akter et  al. 2020). 

While prior studies argued that process innovation strengthens SCRes under uncertainty, 

resulting in improved SCP (Akter et  al. 2020; Kwak et  al. 2018), developing AI-driven 

innovation is more advantageous as it may accelerate the decision process in identifying, 

prototyping, and testing novel solutions (Paschen et al. 2020). This decision process, at the 

heart of innovation, is what researchers refer to as design. The effect of AI-driven innova-

tion on designing robust supply chains through information sharing, information process-

ing, and system integration has long been regarded as a critical factor in SCRes building 

and SCP improvement (Wamba and Akter 2019).

The existing literature has demonstrated that AI algorithms have succeeded in promot-

ing innovation to offer solutions leading to improved SCP (Dubey et al. 2020; Baryannis 

et al. 2019). Despite the significant potential of AI techniques to build SCRes, the extant 

literature lacks the focus on how the AI-driven innovation influences the SCRes, and to 

what extent the supply chain dynamism (SCD) and supply chain collaboration (SCC) 

affects this relationship.

In the present scenario, supply chains are becoming increasingly dynamic in changing 

business environments and technology. Continuous information is required for the supply 

chains operating in a dynamic environment as various internal and external threats continue 

to suppress their performance (Belhadi et al. 2019; Lee et al. 2016). Besides, Dubey et al. 

(2020) and Wamba et  al. (2020) have recognized environmental dynamism as a critical 

factor to be investigated while dealing with performance-related issues. Hence, understand-

ing the linkages between AI, SCRes, and SCP is highly relevant, and the relationships are 

expected to provide meaningful insights on how the AI capabilities need to be developed 
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and deployed in the dynamic supply chains. The reviews by Baryannis et al. (2019) and 

Grover et al. (2020) identified that the literature on the predictive and learning capabilities 

of AI in supply-chain risk management is still in a nascent stage. To the best of our knowl-

edge, this is the first study in the literature that empirically investigates the influence of AI 

on SCP through the mediating effect of SCRes.

The above research gaps have led us to investigate the following research questions in 

the present study.

RQ1: What are the direct, indirect, separate, and combined effects of AI capabilities 

and SCRes on SCP?.

RQ2: What is the effect of SCD on the interplay between AI, SCRes, and SCP?.

In addressing these RQs, we develop a research framework based on the theoretical 

underpinning of Organizational Information Processing Theory (OIPT). The framework is 

then analyzed using structural equation modeling (SEM) on the data collected from a sam-

ple of 279 manufacturing firms representing different manufacturing industries and located 

in different countries. Accordingly, the study makes the following novelties and relevant 

contributions. First, this study is among the first to advance the conceptual understanding 

of how AI-based information-processing innovation affects SCRes and how firms can cre-

ate long-lasting SCP in front of disruptive and unexpected events through AI-based capa-

bilities. Second, the study explains how developing AI-based information processing inno-

vation could generate SCP and build SCRes through several components, thus contributing 

to the theory that aims at understanding how focal firms can maintain or improve SCP 

during disruptive events. Finally, the study paves the way for understanding the integration 

of AI capabilities in the different supply chain tiers to strengthen SCC and cope with SCD.

The rest of this paper is organized as follows. The second section provides details about 

the underpinning theories associated with the study’s constructs. After that, the third sec-

tion proposes the framework, along with the related hypotheses. The fourth section exhibits 

the research design and methodologies. The findings and outcomes of the study are pre-

sented in the fifth section. The sixth section discusses the contributions, implications, limi-

tations, and future research agenda of the study. Finally, the seventh section concludes the 

paper.

2  The conceptual background of the study

2.1  Organizational information processing theory (OIPT)

The OIPT states that the firm’s information processing performance is an outcome of the 

firm’s information processing needs and information processing capability. The uncertain-

ties in the supply chains can affect the relationship between information processing capa-

bilities and related outcomes (Wong et al. 2020; Chen et al. 2015). Therefore, it becomes 

essential for the supply chains to develop the capability to proactively engage in communi-

cation with stakeholders for improved visibility and traceability in SC operations. In the lit-

erature, the data analytics capability is conceptualized as an information processing capa-

bility based on OIPT while analyzing its impact on the supply chain performance (Kamble 

et al. 2020). Theoretically, organizations could either opt to rely on "mechanistic" organi-

zational resources to reduce their dependency on information or enhance their information 
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processing capabilities (Galbraith 1974). Organizations preferring the mechanistic mod-

els are required to schedule interdependent operations through the division of work and 

centralization of decisions (Srinivasan and Swink 2018). They tend to tackle issues and 

complexities called "exception scenarios" by using rules, hierarchy, targets, and goals. 

However, the high frequency of exception scenarios increase the mechanistic models’ costs 

and reduce responsiveness (Peng et al. 2014). Alternatively, an organization could enhance 

its information-processing capability by developing lateral and vertical information sys-

tems (Srinivasan and Swink 2018). Vertical information systems allow data processing 

efficiently and intelligently to support resolving complexities through swift adjustment of 

plans with minimal resource involvement (Peng et al. 2014).

OIPT addresses the development of organizational capabilities to fill their information 

processing requirement (Wamba et al. 2020). Importantly, OIPT posits that organizations 

necessitate processing information under increasing uncertainty to sustain a certain per-

formance level. Information processing capability to deal with risk, volatility, and dyna-

mism is a highly required organizational capability (Srinivasan and Swink 2018; Peng 

et al. 2014). In this study, AI is conceptualized as an information-processing capability that 

should be inherently configured to alleviate its operational complexities and uncertainties. 

Furthermore, the OIPT advocates that the firms need to develop capacity buffers and have 

information processing capability to manage the supply chain disruptions (Srinivasan and 

Swink 2018).

Several other theories come to support the assumptions of OIPT. For instance, the 

dynamic capability view (DCV) considers AI and data-driven systems as lower-order 

resources capabilities that create a ground for building higher-order capabilities such as 

supply chain collaboration, adaptation, and supply chain performance (Wamba et al. 2020). 

However, DCV left a gap in explaining the effect of a high scale disruption on the exploi-

tation and the efficiency of lower-order capabilities. On the other hand, the contingency 

theory stipulates that organizations should develop a strategic fit between information pro-

cessing capacity and information processing needs (Tushman and Nadler 1978). The view 

supports that SCRes can be positively associated with the supply chain performance when 

information processing capacity aligns with the scale of supply chain disruptions (Wong 

et al. 2020). Nonetheless, this theory fails to explain the inter-organizational information 

management capabilities within the supply chain network to underpin the development of 

operational capabilities such as supply chain collaboration and adaptation.

Our study seeks to fill the gaps and limitations of these theories by providing a holis-

tic theoretical background built upon the OIPT to construct a solid investigation research 

framework for AI-driven innovation, SCRes, and SCP. The aim is to explore the perfor-

mance impact of SCRes by putting forward SCD as contingent on exogenous factors and 

AI-driven innovation as low-order and inter-organizational capabilities along the supply 

chain.

2.2  Information processing capabilities of Artificial Intelligence (AI)

Artificial Intelligence (AI) is the ability of a system to acquire learnings by analyzing the 

external environment’s data and using acquired learnings to adjust or make new plans 

against the environmental changes (Grover et al. 2020). This includes techniques and algo-

rithms that enable us to learn from input data, with or without being informed about the 

eventual output forms (Baryannis et al. 2019; Rodríguez-Espíndola et al. 2020). The field 

of AI is not new in itself. However, it has witnessed alternating periods of significant rise 
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and drastic slump since its first appearance in the 1950s (Baryannis et al. 2019). The grow-

ing computational capacities alongside the spread of big data and the broader application 

of AI in the area of operations, manufacturing, and supply chain management have driven 

renewed emphasis on this computational technology (Sharma et  al. 2020). According to 

Haefner et  al. (2021), information processing capabilities (IPC) of AI systems could be 

evaluated through three IPT levels, i.e., exploiting, expanding, and exploring. These levels 

indicate how likely AI systems are to replace and complement human decision-making. 

Through reviewing the literature of AI in the supply chain context, we summarize the most 

used techniques according to the IPT levels proposed by Haefner et al. (2021) as presented 

in Table 1.

First, exploiting techniques includes machine learning and big data (Cavalcante et  al. 

2019; Choi et al. 2018), robust optimization (Baryannis et al. 2019), fuzzy logic and pro-

gramming (Leung et al. 2019), stochastic programming(Sabet et al. 2020) and knowledge, 

representation reasoning (Baryannis et al. 2019). Techniques at this level enable to over-

come cognitive information processing constraints and deal with a more considerable 

amount of data while detecting patterns. Second, extension techniques allow generating 

new ideas in support of human-machine interaction during problem analysis. The methods 

at this level may include network-based algorithms (Elhoone et  al. 2020; Hosseini andI-

vanov 2020), rough set theory(Mehdizadeh 2020), and tree-based clustering (Zanjani et al. 

2016). Finally, exploring techniques involve more advanced AI algorithms such as agent-

based systems (Baryannis et  al. 2019), model predictive control (Belhadi et  al. 2019), 

robotic process automation(Schniederjans et al. 2020) and computer vision (Dhamija and 

Bag 2020; Grover et  al. 2020). These techniques revolutionize exploring problems and 

solutions and promoting fast prototyping and evaluation of innovative solutions.

2.3  Artificial intelligence-driven supply chain innovation (SCI)

According to Arlbjørn et  al. (2011, p.  8), supply chain innovation (SCI) can be defined 

as a radical or progressive transformation in the supply chain technology, process, or net-

work that could be implemented to improve new value creation for the stakeholder. SCI 

includes all activities aiming to deal with the environment’s uncertainty through the gen-

eration of information processing and technology innovation to provide solutions for sup-

ply chain issues and identify new ways to improve processes (Kwak et al. 2018; Lee et al. 

2011). Notably, supply chain innovation relies heavily on advanced technologies and pro-

cesses alongside radical changes in product, service, or process that improve efficiency and 

enhance value delivery to the end customer (Akter et al. 2020; Hahn 2020 ). For instance, 

businesses are increasingly making use of AI techniques to overcome information process-

ing constraints inherent to SCI, resulting in innovative paths of designing new products, 

solving supply chain issues and satisfying customers, and eventually, potentially establish-

ing new ways to deal with uncertainty (Lee 2018). According to Haefner et al. (2021), AI 

techniques are prone to lead innovation processes by fasting forward new solutions for sup-

ply chain issues. This acceleration in innovation capacities stands to enable supply chain 

firms to create new profit streams more fastly and decrease costs in the process, thereby 

enhancing supply chain efficiency.

Further, embedding advanced AI techniques into supply chain innovation empowers 

innovation activities to be human-centric, creative, and effective in leveraging iterations 

(Verganti et  al. 2020). However, there are various technology-driven innovations based 

on new digital technologies; significantly fewer studies have addressed AI-driven SCI, 
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specifically how they are implemented and substitute prevailing current supply chain man-

agement practices (Beltagui et al. 2020). Overall, AI-driven innovation may benefit several 

aspects of supply chain management and attract attention to essential elements of the sup-

ply chain that received insufficient attention in the past, i.e., supply chain resilience and 

performance.

2.4  Supply chain resilience (SCRes)

Following the COVID-19 outbreak, supply chain resilience (SCRes) is at the forefront of 

the C-suite’s agenda these days. SCRes is broadly concerned by the supply chain’s ability 

to deal with instantaneous disruptive events (Jain et al. 2017), hence regaining the previ-

ous level or an even better performance level (Hendry et al. 2019). According to Scholten 

et al. (2019), SCRes is measured in all the three phases of a disruption: readiness (proac-

tive, pre-disruption), response, and recovery (reactive, post-disruption). This definition has 

found the reasoning in past literature, which emphasizes the notion of an equilibrium state 

that should be regained after an unexpected disruptive event. However, the recent global 

disruption caused by the COVID-19 outbreak gives rise to the new concept of adaptive 

resilience, positing that there cannot be a state of equilibrium in complex and intertwined 

supply chains. Therefore, resilience should be seen as situational capability acquired 

through continuous learning and adaptations from a series of disruptions (Belhadi et  al. 

2020a, b). Ponomarov and Holcomb (2009) claimed that resilient supply chains are less 

sensitive to disturbances and are more absorptive of supply chain disruptions. SCRes ena-

bles the firms to ensure their products and services’ continuous delivery to their customers 

(Namdar et al. 2018 ). At the same time, the literature on SCRes has expanded drastically 

in the aftermath of Christopher and Peck (2004). However, Datta (2017) and Dubey et al. 

(2020) have argued that research dealing with how supply chains develop resilience is still 

underdeveloped and needs to be updated with the increasing technological advancements 

and supply chain dynamism. This insufficiency affects, undoubtedly one of the most goals 

of supply chain management viz., supply chain performance, which is discussed in the fol-

lowing section.

2.5  Supply Chain Performance (SCP)

Supply Chain Performance (SCP) is, broadly, defined as the benefits derived from the effi-

ciency and resilience of supply chain operations under a changing environment (Chowd-

hury et al. 2019; Jain et al. 2017). It reflects the extent to which the supply chain satisfies 

the end-customer needs in terms of product availability and on-time delivery while min-

imizing costs (Tarafdar andQrunfleh 2017). Past literature has widely demonstrated that 

SCP and its antecedents: SCRes and SCI are critical drivers of organizational and market 

performance. According to Khan et  al. (2009), at the organizational level, SCP involves 

resource performance (efficiency), output performance (effectiveness), and flexibility per-

formance (agility). Efficiency is the ability to create more value for the customers with 

less resource utilization; effectiveness is the ability to make the customer’s value, such as 

quality, cost, and delay; agility is the ability to maintain value creation in a turbulent and 

uncertain environment. Previous studies on supply chain management have mainly adopted 

two different measures to evaluate SCP. The first measures are only related to costs, includ-

ing inventory costs and operating costs (Chowdhury et  al. 2019), whereas the second 

measures are combining costs and customer needs in terms of quality, availability, and 
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responsiveness. Examples of this include lead-time, quality, stock out probability, and fill 

rate (Rodrigues and Carpinetti 2017).

3  Research framework and hypotheses development

Data-driven supply chains collect a considerable amount of data from the customers and 

suppliers. However, this data has no value if no information is extracted from them, and 

no learning happens to the firm to understand and address the uncertainty linked to supply 

chain dynamism. AI, as an organizational information processing tool, not only helps in 

analyzing the rich data but also provides useful learning for the organization (Dubey et al. 

2020; Belhadi et al. 2019). On the other hand, since the supply chain dynamism may cre-

ate many uncertainties and disruptions to the supply chain operations, SCRes should be 

developed to alleviate the risks stemming from supply chain dynamism and maintain the 

high level of SCP (Dubey et al. 2020; Grover et al. 2020). Therefore, this paper aims to 

empirically test the interrelationships between AI and SCRes to achieve higher SCP on the 

theoretical underpinning of OIPT, as illustrated in Fig. 1.

3.1  The effect of Artificial Intelligence on supply chain performance

Grover et  al. (2020) argued that using AI techniques results in improved supply chains, 

product quality, design and development, and customer satisfaction. This enhances the 

operational performance of firms compared to human engagement. Moreover, Klumpp 

(2018) demonstrated that AI-driven SCI, such as self-driving systems, have great poten-

tial to positively stimulate the performance of logistics and transportation functions in 

the supply chain. Bottani et  al. (2019) implemented an AI-based framework to support 

decision-making in wholesale distribution. Accordingly, the authors claimed the poten-

tial to decrease economic loss due to out-of-stock occurrences by more than 56%. Further, 

Fig. 1  The research framework
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authors like Dubey et al. (2020) supported that AI arguably improves firms’ performance 

despite the ambiguity of how this performance could be enhanced through AI adoption.

Based on the OIPT perspective, we propose that AI’s implementation enables supply 

chains to develop information-processing capabilities (Srinivasan and Swink 2018). It 

allows them to decrypt, interpret, and learn from convoluted information gathered from 

different sources to mitigate uncertainties surrounding demands, capacities, and sup-

ply availability (Grover et al. 2020). Otherwise, firms are constrained to keep a high level 

of inventories or rely on limited human capabilities to design a responsive supply chain, 

which in turn influences both profit margins and execution speed (Dubey et al. 2020). Alto-

gether, such perspectives and evidence of the AI adoption can prospectively be translated 

into improved supply chain performance. Hence, we hypothesize that:

H1 AI has a significant and positive effect on supply chain performance (SCP).

3.2  Supply chain resilience and supply chain performance

Evidence from past studies proposed that building SCRes plays a central role in alleviat-

ing contingencies or maintaining the previous level of SCP (Chowdhury et al. 2019; Yu 

et al. 2019). According to Scholten et al. (2019), a resilient supply chain can hold a high 

level of agility (the ability to absorb changes caused by disruptions), responsiveness (the 

ability to respond purposefully and within an appropriate timeframe), and visibility (the 

ability to track and monitor the performance under uncertainty) towards customer needs to 

maintain high performance. Earlier, Carvalho et al. (2012) suggested that resilient strate-

gies influence SCP and raised the issue of preserving SCP in times of crisis and disruption. 

Moreover, they proposed an integrated framework for developing SCRes and assessed its 

positive effect on SCP. Organizations that failed to build SCRes during the global financial 

crisis (Chowdhury et al. 2019) or Brexit (Hendry et al. 2019) were compelled to entirely or 

partially stop their operations during the disruption (Altay et al. 2018 ). Based on the argu-

ments mentioned above, the literature trend points towards the positive effect of SCRes on 

SCP. Thus, we hypothesize that:

H2 SCRes has a significant and positive effect on SCP.

3.3  The mediating role of adaptive capacity and supply chain collaboration

The literature identifies that to compete in the global markets, the firms should have access 

to external knowledge and innovations. Open innovation-driven adaptive capacity is one 

of the key concepts that the firms can adopt to become competitive at the global level. 

The literature highlights adaptive capabilities and supply chain collaboration to be the most 

spread formative elements required to build SCRes (Scholten et al. 2019; Chowdhury et al. 

2019; Jain et al. 2017). Therefore, our theoretical framework proposes to include these two 

factors as enablers of SCRes driven by AI capabilities.

According to Dovers and Handmer (1992), adaptive capabilities (AC) (e.g., stability, 

persistence, adaptability, and transformability) refer to the ability of the firm to accept 

the ineluctability of transformation and to deploy all the necessary resources for adjust-

ing to new conditions and necessities. Previous studies such as Leitao (2009) supported 

that AI constitutes an efficient means of imitating adaptivity through learning from 

the external environment, thereby making complex systems more organized, highly 
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reconfigurable, and adaptive. Further, Macías-Escrivá et  al. (2013) concluded that AI 

techniques are among the facilitating means that underpin the advancement of new gen-

erations of adaptive systems. Hence, we propose that:

H3a AI has a significant and positive effect on AC.

Similarly, authors such as Scholten et  al. (2019) and Jain et  al. (2017) argued that 

SCRes relies heavily on AC, which mitigates the impact of unexpected events through 

the proactive identification of strategies enabling the supply chain to adapt aftershock, 

regaining or even enhancing its initial situation. Li et al. (2020) consider adaptive plan-

ning and adaptive response are vital elements in building SCRes to pick up and recover 

from outbreaks under urban context. Further, Kochan and Nowicki (2018) supported 

the positive impact of AC on building SCRes through minimizing the likelihood of con-

fronting non-routine events, withstand the propagation of shocks through holding con-

trol over organization and processes, and responding by proactive plans to absorb the 

shock and rebuild the robust state of the operations in the supply chain. This leads to the 

formulation of the following hypothesis:

H3b AC mediates the relationship between AI and SCRes.

Jain et al. (2017) stated that supply chain collaboration (SCC) is the mechanism of 

several firms or partners coordinating and operating cooperatively to plan and perform 

supply chain operations. Despite the scarcity of studies addressing the relationship 

between AI and SCC, past literature positively links SCC to AI techniques. For instance, 

Rodríguez-Espíndola et al. (2020) and Baryannis et al. (2019) emphasized the potential 

of AI techniques to provide reliable and updated forecasts and near real-time visibility 

of inventories which resolve collaboration issues among stakeholders that arise from 

uncertain supply and demand. Hence, we can assume that:

H4a AI has a significant and positive effect on SCC.

SCC has been widely considered as an antecedent to SCRes during disruptive events. 

Jain et al. (2017) asserted that collaborative partnerships enable efficient supply chain 

risk mitigation during disruptions. This finds support in the study of Dubey et al. (2020), 

which concludes that under complexity, collaboration among supply chain partners is 

vital in building SCRes by mitigating the risk of disruption through mutual trust, com-

munication, sourcing decisions and information sharing. This improves response time 

and establishes new business opportunities. Further, Chowdhury et al. (2019) affirmed 

that the poor collaboration between supply chain partners, the integration of the whole 

supply chain might be negatively affected, thereby rendering the supply chain vulner-

able and affecting the SCRes as well as the SCP. Hence, supply chain practitioners 

should create a favorable environment for healthy communication, effective collabora-

tion, coordination, and mutual trust-based relationships between the supply chain part-

ners to enhance the SCRes and positively influence the SCP. Therefore, we hypothesize 

that:

H4b SCC mediates the relationship between AI and SCRes.
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3.4  The moderating effect of supply chain dynamism

Yu et al. (2019) defined supply chain dynamism (SCD) using the rate of transformational 

change in the supply chain’s products and processes. Supply chains are becoming increas-

ingly dynamic in response to changing business environments and technology. Continuous 

information is required for the supply chains operating in a dynamic environment as vari-

ous internal and external threats continue to suppress their performance (Lee et al. 2016). 

According to Zhou and Benton (2007), SCD can be evaluated through three main factors, 

i.e., the revenue captured from new products, the level of innovation for products, and the 

pace of innovation of processes. Authors like Dubey et al. (2020), Yu et al. (2019) and Jain 

et al. (2017) supported that a deep understanding of the extent of SCD is an essential ele-

ment for the firms to develop more resilient approaches and improved SCP. OIPT supports 

the influence of supply chain dynamism on information sharing and supply chain practice. 

Supply chain dynamism impacts information sharing practices and the inter-organizational 

relationships positively, improving the supply chain performance (Lee et  al. 2016). In 

another study, the supply chain dynamism was found to positively impact the supply chain 

disruption orientation and supply chain resilience (Yu et  al. 2019). The study identifies 

supply chain dynamism as an antecedent to supply chain resilience, influencing the firm’s 

financial performance. The supply chain dynamism was found to moderate the relation-

ship between supply chain integration and supply chain performance. According to Zhou 

and Benton (2007), SCD affects how information processing capabilities help reduce the 

uncertainty associated with external and internal environments. Therefore, we rely on this 

evidence to assume that:

H5.a, b, c SCD has a positive moderating effect on the relationship between (a) AI and 

SCP, (b) AI and SCC, and (c) AI and AC.

Further, we incorporate three control variables in our statistical analyses, which impact 

the exogenous constructs in the theoretical framework. First, the firm size (FS) by using the 

annual turnover (Wamba et al. 2020; Dubey et al. 2020), second, the business sector (BS) 

(Dubey et al. 2020) and third, the geographical area (GA).

4  Research methodology

4.1  Instrument development

A cross-sectional study design was used to collect the data through a survey-based instru-

ment. In compliance with Malhotra and Grover’s (1998) recommendations, established 

measures from the literature were adopted with minor modifications in the wording of the 

items according to the study’s context and pre-test results. The measurement items were 

developed using a five-point Likert scale with extreme points ranging from 1 = strongly 

disagree to 5 = strongly agree.

Further, the subjective measures related to SCP commonly used in supply chain research 

have been adopted. The questionnaire has been pre-tested for face-validity by requesting nine 

supply chain experts from different industries to fill the survey in the researcher’s presence 

to uncover any shortcomings. Next, the experts were asked to provide general feedback on 
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the structure and relevance of the measures used to evaluate the constructs. The measurement 

items used for the constructs and their literature sources are shown in "Appendix". All the 

constructs were deployed as reflective constructs.

4.2  Sampling design and data collection

The research’s empirical context is international supply chains engaged in digital transforma-

tion involving the deployment of AI techniques. The unit of analysis used in this study was the 

focal firm from which one key respondent has been contacted to provide his perception of the 

study’s constructs. Accordingly, the instrument was designed for a single respondent. Besides, 

1128 potential respondents (including managers and senior executives) were identified from 

digitalized firms located in North Africa, South Europe, and Southern Asia. Special attention 

has been paid to the key respondents’ involvement in AI implementation in the supply chain. 

After that, the survey has been administered to the key respondents via e-mail. A question-

naire along with a covering letter explaining the aim of the study and future use of data col-

lected and a strict guarantee of data confidentiality. Through two waves of data collection over 

four weeks and after three e-mail reminders, we obtained 279 complete and usable responses, 

giving an effective response rate of 24.73%. This response rate is entirely adequate in keeping 

with surveys’ usual response rate in prior studies (Belhadi et al. 2020a, b; Dubey et al. 2020). 

The profiles of the responding firms are summarized in Table 2.

To overcome the issue related to biasedness in the survey-based approach, we tested the 

non-response bias according to the procedure suggested by Armstrong and Overton (1977) 

by comparing the responses of early respondents (first 25%), late respondents (last 25%), and 

a sample of non-respondents. The results showed that for all items, p > 0.3, suggesting the 

non-existence of a statistically significant difference between the early, late, and non-respond-

ents. Moreover, there was no significant difference between respondents and non-respondents 

regarding control variables (FS, BS, and GA). Hence, we can conclude that non-response bias 

is not a critical issue in the present study.

4.3  Data analysis and results

Structural equation modeling (SEM) includes statistical procedures for measurement testing, 

functional, predictive, and causal hypotheses (Jin et  al. 2020). SEM is a suitable approach 

for examining interrelationships between one or more independent variables and one or more 

dependent variables since the method includes a set of regression analyses (Jin et al. 2020; 

Dubey et al. 2020). Furthermore, SEM is appropriate when the dependent variable for one 

regression analysis could become an independent variable of another. Besides, SEM allows 

the computation of measurement error variance in both exogenous and endogenous variables, 

which meets this study’s need. Therefore, we proposed to use SEM to test our hypothesis 

using Maximum Likelihood Estimation (MLE) (Cudeck 1989) as recommended by Jin et al. 

(2020). All the SEM computations were performed on IBM SPSS ver. 26.

4.4  Measurement validation

To evaluate the construct validity and unidimensionality, we carried out a confirma-

tory factor analysis (CFA) using IBM SPSS v22 and the maximum likelihood pro-

cedures (Hair et  al. 2009). Table  3 depicts the results of descriptive statistics, factor 
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loadings, and t-values of the items. The standardized factor loadings for all the items 

were observed above the minimum threshold value of 0.5, suggesting construct validity 

(Hair et al. 2009). Further, the evaluation of fit indices were found to be satisfactory (χ²/

df = 1.31, GFI = 0.957, CFI = 0.982, CR = 0.923, RMSEA = 0.093).

The convergent and discriminant validity of the constructs was established based on 

Hair et  al.’s (2009) recommendations. Accordingly, we examine the Cronbach’s alpha 

(α), Composite Scale Reliability (CSR), and Average Variance Extracted (AVE) for 

the first-order constructs, as presented in Table  4. The results illustrate that α coeffi-

cients and CSR values were above the minimum threshold value of 0.7, and AVE values 

exceeded the threshold of 0.5, indicating that all the constructs were reliable and valid 

construct. The discriminant validity of constructs was ensured by comparing the inter-

construct correlations with AVE scores’ square root as suggested by Fornell and Larcker 

(1981).

Table 2  Profiles of the responding firms

Parameters Details Frequency Percentage (%)

Profile of respondents

Gender Male 171 61.29

Female 108 38.71

Department profile General manager 60 21.51

Unit head 54 19.35

Supply chain exuctive/manager 27 9.68

Operations executive/manager 58 20.79

Sales executive/ manager 80 28.67

Managerial experience Between 3–5 years 43 15.41

5–10 years 74 26.52

10–15 years 80 28.67

Above 15 years 82 29.39

Profile of companies

Firm size (FS) Annual turnover < €10 M 38 13.62

Annual turnover between €10 M €100 M 78 27.96

Annual turnover between €100 M €1 B 96 34.41

Annual turnover > €1 B 67 24.01

Business sector (BS) Fast-moving consumer goods 61 21.86

Chemical products 57 16.85

Automobile 53 15.41

Electric/Electronic 38 13.62

Mining products 38 13.62

Pharmaceuticals 33 9.68

Geographic area (GA) Morocco 125 44.80

France 79 28.32

India 75 26.88

Total 279 100
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4.5  Common method bias

The common method bias (CMB) is usually related to using key respondents for data col-

lection in a cross-sectional survey design since they use the same method to provide data 

(Dubey et  al. 2020; Srinivasan and Swink 2018). According to Podsakoff et  al. (2003), 

CMB could also result from the tendency of key respondents to answer questions in a spe-

cific way that could be dictated by the survey’s instructions. Therefore, the measures could 

potentially share a certain amount of common method variation (CMV). Hence, to mitigate 

CMB’s potential impact, we used the split survey method by collecting AC, SCC, and SCD 

in a separate questionnaire. Further, we carried out several CMB measurements. First, we 

performed Harman’s single-factor test that was performed to examine CMV. The outcomes 

show that the total variance extracted by factor analysis is 35.84%, which is less than the 

threshold of 50% (Podsakoff et al. 2003), indicating that CMB is not a significant issue. 

Second, we carried out the marker variable technique (Lindell andWhitney 2001), which 

Table 3  Descriptive analysis of 
measurement scales

 AI Artificial Intelligence, AC adaptive capabilities, SCC supply chain 
coordination, SCRes supply chain resilience, SCP supply chain perfor-
mance, SCD supply chain dynamism

Items Mean SD Standardized 
loadings

t-values

AI_1 3.78 1.15 0.871 14.8

AI_2 4.43 1.27 0.766 11.32

AI_3 4.46 0.59 0.887 11.15

AI_4 4.2 1.52 0.813 11.8

AI_5 4.59 1.83 0.834 11.79

AC_1 4.06 1.8 0.719 12.97

AC_2 4.48 2.03 0.808 13.37

AC_3 2.68 0.78 0.863 13.43

SCC_1 2.54 1.47 0.885 11.78

SCC_2 2.81 1.51 0.702 12.8

SCC_3 3.3 2.05 0.801 13.24

SCC_4 3.02 1.9 0.698 14.25

SCRes_1 3.92 2.06 0.702 13.84

SCRes_2 2.53 1.26 0.709 13.45

SCRes_3 2.84 1.7 0.935 14.39

SCRes_4 2.71 0.54 0.794 13.84

SCRes_5 2.57 2.08 0.931 14.52

SCP_1 3.54 1.78 0.751 11.26

SCP_2 4.23 0.61 0.907 12.6

SCP_3 3.67 1 0.721 11.87

SCP_4 3.53 0.53 0.706 11.09

SCP_5 4.63 2.09 0.967 11.86

SCD_1 2.78 1.5 0.925 13.84

SCD_2 3.77 1 0.746 13.85

SCD_3 4.43 1.65 0.701 13.87

SCD_4 3.96 1.06 0.724 11.96
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proposes to assess CMV through integrating an item, which does not have a tie with the 

primary constructs to the measurement model. Importantly, no significant differences were 

detected, suggesting that CMB has no substantial impact on the study results.

According to Guide Jr and Ketokivi (2015), causality is a critical issue that should be 

verified before hypothesis testing. In doing so, we computed the Non-linear Bivariate Cau-

sality Direction Ratio (NLBCDR), and we found that NLBCDR = 0.863, which is well 

above the threshold of 0.7, signifying the absence of causality effect.

After confirming the data’s underlying statistical significance, convergent, and discrimi-

nant validity of the constructs, the research framework’s hypothesis was tested for statisti-

cal validation.

4.6  Hypothesis results

The significant paths and the associated standardized coefficients in the structural model 

are presented in Fig. 2. The values of standardized path coefficients and p-values shown 

in Table  5 explain a significant variance for the endogenous constructs. Notably, the 

Table 4  Construct correlations and discriminant validity results

AI Artificial Intelligence, AC adaptive capabilities, SCC supply chain coordination, SCRes supply chain 
resilience, SCP supply chain performance, SCD supply chain dynamism

Bold and between brackets values are square roots of AVE

α CR AVE AI AC SCC SCRes SCP SCD

AI 0.882 0.968 0.683 (0.826)

AC 0.89 0.896 0.675 0.363 (0.806)

SCC 0.851 0.839 0.806 0.377 0.33 (0.894)

SCRes 0.954 0.886 0.972 0.218 0.188 0.298 (0.985)

SCP 0.897 0.795 0.707 0.498 0.69 0.074 0.234 (0.84)

SCD 0.935 0.873 0.883 0.202 0.76 0.301 0.315 0.283 (0.94)

Fig. 2  Final research framework
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explained variance (R²) of our framework on AC is R² = 0.58, SCC is R² = 0.71, SCRes 

is R² = 0.66, and SCP is 0.72 (Table 5).

The links AI→SCP (β = 0.49; p < 0.01) and SCRes→SCP (β = 0.66; p < 0.01) are 

positively related. Based on path coefficients and associated p-values, we put forward 

that H1 and H2 are supported. Besides, the combined paths for mediation effect of AC 

and SCC on the path linking AI and SCRes, (AI→AC (β = 0.56; p < 0.01), AC→SCRes 

(β = 0.71; p < 0.01) and AI→SCC (β = 0.42; p < 0.01), SCC→SCRes (β = 0.68; 

p < 0.01)) are found to be positively linked which supports the hypotheses H3.a, H3.b, 

H4.a, and H4.b. Further, the hypotheses H5.a, H5.b, and H5.c for the moderation effect 

of SCD on the links joining AI and SCP (β = 0.31; p < 0.01), AI and SCC (β = 0.44; 

p < 0.01) and AI and AC (β = 0.38; p < 0.01) were found to be supported.

4.7  Control variables

Regarding the effect of control variables, firm size did not show a significant influence 

on SCRes (β = − 0.03; p > 0.1) and SCP (β = − 0.31; p > 0.1). This finds support in 

several studies (e.g., Ali et  al. 2017; Kamalahmadi and Parast 2016), which argued 

that large companies’ antecedents of resilience and performance are also applicable to 

small businesses. The effect of the business sector on SCRes (β = 0.08; p > 0.1) and SCP 

(β = 0.08; p > 0.1) is also found to be insignificant. In addition, geographic area does not 

influence significantly SCRes (β = 0.06; p > 0.1) and SCP (β = 0.01; p > 0.1). Previous 

studies have found corroborating results (e.g. Wamba et  al. 2020; Dubey et  al. 2020), 

which have used similar variables without finding any significance effect.

Table 5  Summary of structural estimates

AI Artificial Intelligence, AC adaptive capabilities, SCC supply chain coordination, SCRes supply chain 
resilience, SCP supply chain performance, SCD supply chain dynamism, FS firm size, BS business sector, 
GA geographic area

Hypothesis Model link Path coefficient p value Result

H1 AI → SCP 0.49 < 0.01 Supported

H2 SCRes → SCP 0.66 < 0.01 Supported

H3.a AI → AC 0.56 < 0.01 Supported

H3.b AC → SCRes 0.71 < 0.01 Supported

H4.a AI → SCC 0.42 < 0.01 Supported

H4.b SCC → SCRes 0.68 < 0.01 Supported

H5.a AI*SCD → SCP 0.31 < 0.01 Supported

H5.b AI*SCD → SCC 0.44 < 0.01 Supported

H5.c AI*SCD → AC 0.38 < 0.01 Supported

Effect of control 
variables

FS → SCRes -0.03 > 0.1 Not supported

FS → SCP -0.31 > 0.1 Not supported

BS → SCRes 0.01 > 0.1 Not supported

BS → SCP 0.08 > 0.1 Not supported

GA → SCRes 0.06 > 0.1 Not supported

GA → SCP 0.01 > 0.1 Not supported
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5  Discussions and implications

The present research examined a theoretically developed structural framework linking the 

Artificial Intelligence (AI) capabilities, Supply Chain Performance (SCP), and Supply 

chain Resilience (SCRes) under the effect of Adaptive Capabilities (AC), Supply Chain 

Collaboration (SCC), and Supply Chain Dynamism (SCD). Grounded in OIPT, our find-

ings postulate that Supply Chain during disruptive and unexpected events could maintain 

or even enhance the supply chain performance through information processing and adapta-

tion capabilities provided by AI techniques. Despite its scarcity, the past literature has indi-

cated a relationship between AI and SCP (Dubey et al. 2020; Grover et al. 2020; Baryannis 

et al. 2019). Srinivasan and Swink (2018) found that information-processing capabilities 

are the key to maintaining the organization’s performance. Our study attempts to empiri-

cally assess the relationship between AI-driven information processing capabilities and 

innovation, resilience, and organizational performance at the supply chain level under the 

condition of high uncertainty dictated by the dynamic environment. Accordingly, our find-

ings support the previous claims that AI-driven innovations have a high potential to allow 

firms within a highly dynamic environment to enhance or at least maintain the current SCP 

level. This is possible due to AI’s potential to learn from data to adapt the decision-making, 

pomote supply chain innovation and respond quickly during disruptive events (Grover et al. 

2020; Akter et al. 2020). Besides, we have found a strong link between SCRes and SCP. 

This suggests that firms that can develop strong readiness in the pre-disruption, efficient 

response during the disruption, and swift recovery in the post-disruption are more likely 

to maintain long-lasting SCP (Chowdhury et al. 2019; Datta 2017). Therefore, it is judi-

cious to think of a more sustained way to gain superior SCP through AI over time, i.e., by 

developing SCRes through enhancing readiness and recovery capabilities besides response 

mechanisms (Chowdhury et al. 2019).

Nonetheless, there is an insufficient understanding of how AI-driven information pro-

cessing capabilities and innovations could help supply chains develop resilience, includ-

ing readiness, response, and recovery from the disruptive event, thereby gaining long-term 

supply chain performance. This gap that has been mentioned in several studies (Wamba 

and Akter 2019; Akter et al. 2020), stems from the tendency in the literature to treat AI as 

a technological toolbox directly used to enhance SCRes metrics rather than to build organi-

zational capability towards innovation (Trabucchi andBuganza 2019). Authors such as 

Scholten et al. (2019) and Chowdhury et al. (2019) underlined that AC and SCC are among 

the most potent organizational enablers to build SCRes. Therefore, we attempted to fill 

the gap above by studying the effect of AI-based innovation in developing those enablers, 

thereby creating SCRes under a dynamic environment. The results support that develop-

ing AI-based innovation is positively and significantly related to enhancing both AC and 

SCC. This provides empirical evidence to past studies (e.g. Baryannis et al. 2019; Wamba 

andAkter 2019; Macías-Escrivá et al. 2013; Leitao 2009) regarding the ability of AI-driven 

adaptive capabilities to build SCRes alongside those who postulate that AI enhances vis-

ibility and real-time coordination (Rodríguez-Espíndola et al. 2020; Baryannis et al. 2019), 

resulting in reinforcement of supply chain collaboration and building of SCRes.

Firms developing AI-based Information processing capabilities such as self-adap-

tive algorithms, prediction, and learning techniques are witnessing their adaptive skills 

enhanced in the pre-disruption era due to predictive and forecasting capabilities (Baryan-

nis et al. 2019). Besides, they could develop collaboration mechanisms with their partners 

through sharing real-time forecasts of inventories and production capacities and informing 
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them of the risk of upcoming events (Rodríguez-Espíndola et al. 2020). Those firms can 

swiftly adapt their strategies during disruptive event and collaborate with their suppliers 

and customers through AI-driven and shared decision-making (Dubey et al. 2020). Further, 

AI-driven SCI enables firms to rapidly recover in the post-disruption via adaptive algo-

rithms and AI-enabled collaboration among supply chain partners (Baryannis et al. 2019).

Further, we have found a positive effect of the SCD on the links between AI and SCP, 

AC, and SCC. The findings are in line with the studies conducted by Wamba et al. (2020), 

and Dubey et al. (2020). The supply chain’s dynamic environment has a beneficial effect in 

developing organizational capabilities, including information processing capabilities, adap-

tive capabilities, and supply chain collaboration mechanisms. However, they stated that this 

relationship might be nonlinear, and a negative effect could appear in a highly uncertain 

and turbulent environment. Altogether, these complex and nuanced effects provide mean-

ingful implications, advancing theory and practice in this emerging research area.

5.1  Theoretical implications

The achievement of high and long-lasting supply chain performance relies heavily on the 

focal firm’s ability to benefit from its information processing capabilities to operate within 

a dynamic supply chain and build resilience against disruptive and unexpected events. 

According to the OIPT, AI, which embodies statistical-based, prediction, and self-learning 

algorithms, enables the firm to develop information-processing capabilities. These capa-

bilities could either directly improve SCP related metrics or create a sustained SCP through 

building SCRes under moderate dynamism and uncertainty of the environment. While sev-

eral past studies such as Akter et al. (2020), Grover et al. (2020) or Baryannis et al. (2019), 

relied on literature review or qualitative research to postulate the relationship between 

AI-driven innovations, SCRes, and SCP, our study is among the earlier one to understand 

how AI-based information-processing systems affect SCRes empirically. This constitutes 

a significant conceptual contribution to the research of how firms can create long-lasting 

SCP through AI-based capabilities while confronting disruptive and unexpected events. 

Accordingly, the first theoretical contribution of the research is in studying the complex 

relationships between AI, SCRes, and SCP, thereby giving insight on how AI could lead 

directly or indirectly to SCP through the mediating effect of SCRes and the moderating 

effect of SCD. Second, past studies such as Grover et al. (2020), Dubey et al. (2020) and 

Srinivasan and Swink (2018) focus on the direct effect of AI-based information processing 

in building SCRes and enhancing SCP. This study explains how developing AI-based inno-

vations could generate SCP and create SCRes indirectly through SCC and AC. The study 

also expands the extant literature that mainly concentrates on intelligent systems and ante-

cedents of SCRes and their combined impact on the overall SCP, thus contributing to the 

theory that aims to fully understand how focal firms can maintain and improve SCP during 

disruptive events. Finally, our study advances OIPT by empirically demonstrating that AI 

innovations could promote the organizational concepts, i.e., AC and SCC, which are highly 

needed to build SCRes against disruptive events and dynamic environment.

5.2  Implications for practitioners

The findings of this study present several implications for managerial practice concerning 

supply chain management. First, supply chain managers should develop AI capabilities for 

enhancing their SCP metrics. Second, to deal with uncertainties and unexpected events, 
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managers could maintain or even improve SCP in a sustained way through the develop-

ment of SCRes. In doing so, they should recognize the role of developing AI-based infor-

mation processing capabilities to develop AC and SCC among the supply chain partners, 

which leads to the creation of long-lasting SCP under dynamism and uncertainty. Knowl-

edge acquisition, assimilation, transformation, and knowledge exploitation are found to be 

the indicators of the adaptive capability of a firm (Cooper and Molla 2017; Pradana et al. 

2019). Developing adaptive capacity, both in firms and in supply chains, are also integral to 

responding to dynamic markets and customer needs. The findings imply that the adaptive 

capacity is found to influence the utilization of big data and predictive analytics on sustain-

able supply chain innovation, urging the researchers to develop research models for sus-

tainable supply chain innovation applications (Hazen et al. 2016). The firms that can recog-

nize and acquire external knowledge develop environmental competencies and capable of 

assimilating, transforming, exploiting the knowledge and develop environmental capabili-

ties, resulting in better performance (Dzhengiz and Niesten 2020).

Even though the focal firm develops the AI capabilities for building SCRes, those 

capabilities might not be used to its full potential unless all the supply chain partners that 

include the lower tier suppliers respond by implementing a data-driven supply chain. The 

majority of the suppliers at the lower tiers of the supply chain may not have access to the 

skilled resources and technological sophistication needed for developing AI capabilities 

or may possess inconsistent data or incompatible interface standards. The cooperation 

and value of information sharing amongst the supply chain partners are highly critical to 

mitigating the risks (Li et al. 2020). The level of collaboration between the supply chain 

partners contributes to supply chain resilience, benefiting supply chain operations in risk 

management (Yen and Zeng 2011). However, a high level of supply chain uncertainty does 

not always lead to a high degree of collaboration with the supply chain partners but is 

mainly driven by organizational culture having external orientation (Mamillo 2015). In 

another study, it was pointed out that the collaboration between buyers and suppliers does 

not directly lead to supply chain resilience but rather enables the antecedents to SCRes 

(Scholten et al. 2019). The integration of AI capabilities in the different tiers of the sup-

ply chain is critical for SCC and AC to develop SCRes. Besides, the supply chain’s high 

dynamism needs careful consideration since it is assumed to play an inverse effect on the 

relationship between AI-driven SCI, SCRes, and SCP. High turbulence may affect the reli-

ability of data and information shared that feed AI algorithms, thus generating unreliable 

contingencies and poor decision-making.

6  Conclusions, limitations, and future research possibilities

The purpose of this study was to investigate the effect of AI-based systems in enhancing, 

directly and indirectly, SCP during the influence of dynamism and uncertainty. In doing so, 

the study was based on a conceptual framework grounded in OIPT, including SCRes and 

its antecedent’s AC and SCC. The framework was then empirically evaluated using data 

gathered from 279 firms of different sizes, located in many countries across Africa, Europe, 

and Asia, and operating in many business sectors. The findings provide empirical evidence 

supporting the proposed framework, which demonstrates that AI information processing 

capabilities significantly influence SCP directly by enhancing related metrics or creating 

a long-lasting SCP through SCRes building. Notably, the development of a sustained SCP 
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requires the firms to develop AI capabilities to enhance SCRes through its main enablers 

AC and SCC under the dynamism and uncertainty of the supply chain environment.

The many consecutive outbreaks and supply chain disruptions highlight the increased 

need to exploit the information-processing capabilities to manage the global supply chain 

risks that include business continuity, essential commodity, and food security. The present 

study has made a substantial contribution by emphasizing the benefits AI-driven innova-

tions can provide by creating long-lasting SCP. Besides, this paper contributes to the lack 

of literature in the field of AI.

Although we have taken the necessary precautions during all stages of the design and 

execution of this research, the study is subject to few limitations usually associated with 

most survey designs. Therefore, we suggest that scholars and practitioners evaluate the 

study’s outcomes and implications in light of these limitations. First, the theoretical frame-

work and the constructs used in the study are influenced by OIPT. As with any theory-

grounded research, the measure used to test the hypotheses may not provide comprehensive 

coverage of all the theoretical issues associated with AI and SCRes. Thus, future research 

is recommended to explore more relationships and phenomena using mixed qualitative and 

quantitative methodologies to get deeper insights. Second, the findings represent a cross-

sectional snapshot in time, amplified by the current COVID-19 outbreak requirement. 

Hence, more in-depth longitudinal studies are required to confirm the interrelationships 

between AI, SCRes, and SCP during the post-COVID-19 era. Third, despite the hetero-

geneity of sectors used in this study, all firms are operating in the manufacturing industry. 

Generalization of this study’s findings will require similar investigations to be performed in 

services sectors such as travel, transportation, and healthcare.

Appendix: measurement constructs used in the study

Constructs Source Items

Artificial Intelligence (AI) Dubey et al. (2020) AI_1. We possess the infrastructure 
and skilled resources to apply AI 
information processing system

AI_2. We use AI techniques to 
forecast and predict environmen-
tal behavior

AI_3. We develop statistical, self-
learning, and prediction using AI 
techniques

AI_4. We use AI techniques at all 
level of the supply chain

AI_5. We use AI outcomes in a 
shared way to inform supply 
chain decision-making
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Constructs Source Items

Supply Chain Resilience (SCRes) Yu et al. (2019), Altay et al. 
(2018 )

SCRes_1. Our firm’s supply 
chain is well prepared to face 
constraints of supply chain 
disruptions

SCRes_2.Our firm’s supply chain 
can rapidly plan and execute con-
tingency plans during disruptions

SCRes_3. Our firm’s supply chain 
can adequately respond to unex-
pected disruptions by quickly 
restoring its product flow

SCRes_4. Our firm’s supply chain 
can swiftly return to its original 
state after being disrupted

SCRes_5. Our firm’s supply chain 
can gain a superior state com-
pared to its original state after 
being disrupted

Supply Chain Performance (SCP) Srinivasan and Swink (2018) SCP_1. Order fill rate (% complete, 
error-free orders shipped on time)

SCP_2. On-time delivery
SCP_3. Order fulfillment lead time 

(speed)
SCP_4. Product unit cost

Adaptive Capabilities (AC) Tarafdar and Qrunfleh (2017), 
Srinivasan and Swink (2018)

AC_1. We can rapidly adjust 
capacity to accelerate or deceler-
ate production in response to 
external changes

AC_2. We can meet particular 
customer specification

AC_3. We can swiftly intro-
duce large numbers of product 
improvements/variation

Supply Chain Collaboration 
(SCC)

Dubey et al. (2020), Yu et al. 
(2019), Srinivasan and Swink 
(2018)

SCC_1. We continuously share our 
resources (i.e., data, information, 
knowledge, and infrastructure) 
with our suppliers, partners …
etc.

SCC_2. We cooperate tightly with 
our partners to define and imple-
ment response strategies

SCC_3. We share our risks and 
benefits
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Constructs Source Items

Supply Chain dynamism (SCD) Dubey et al. (2020), Yu et al. 
(2019)

SCD_1. Operating processes 
become outdated at a high rate

SCD_2. Customers’ requirements 
change at a high rate

SCD_3. Unexpected and disruptive 
events (i.e. shocks, outbreaks, 
disruptive technologies) occur at 
a high rate

SCD_4. Competitors’ capabilities 
change at a high rate
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