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Abstract 

The study aims to explore the direct and indirect effects of artificial intelligence on re-
silience and performance in a modern supply chain evolution environment. The email 
survey reached 208 companies from Jordan registered with the Jordanian Industry and 
Commerce, and results were collected using structural equation modeling analysis. The 
results show the impact of artificial intelligence on overall supply chain performance. 
However, similar output is only achievable using its equipage capability to return data 
to promote the resilience of supply and performance. This paper provides additional 
standpoints on how to use artificial intelligence to ensure supply chain performance; 
however, longitudinal research offers deeper insights. Furthermore, this analysis ad-
dresses the existing gap in the literature regarding synthetic intelligence. While this 
study has taken critical measures throughout the research process to ensure safety, it 
is necessary to note that it is still susceptible to some common boundaries found in 
survey designs. A longitudinal study might expand the research to examine further 
aspects of the phenomenon.

Adnan Taha (United Kingdom), Sarwar Khawaja (United Kingdom),  
Fayyaz Qureshi (United Kingdom), Firas Rashed Wahsheh (Jordan)

Employing artificial Employing artificial 

intelligence to improve  intelligence to improve  

the supply chain’s resilience the supply chain’s resilience 

and performance: and performance: 

Moderating the impact  Moderating the impact  

of supply chain dynamicsof supply chain dynamics

Received on: 26th of April, 2024
Accepted on: 27th of February, 2025
Published on: 31st of March, 2025

INTRODUCTION

The fast transmission of COVID-19 has challenged various govern-
ments’ ability to contain its distribution. Even after many efforts from 
different governments, public institutions, and other businesses to re-
duce its effect on health and the economy, the consequences of the 
COVID-19 pandemic are still felt across the globe. The pandemic has 
resulted in fatalities and disrupted the supply chain in numerous sec-
tors, impacting the performance of enterprises. Multiple businesses 
across the globe were severely affected. They have openly discussed 
the difficulties they encounter in adapting their distribution networks. 
Companies unprepared for supply chain disruptions like COVID-19 
experienced delays in deliveries from certain locations due to inad-
equate information. However, they attribute the current shortages to 
factors like supplier consolidation, manufacturing cost reductions, 
and risk mitigation strategies. Acknowledging the challenges in pres-
ent-day supply chains that have led businesses to this state of distress 
is essential. The manufacturing process has become highly complex 
by sourcing components from different locations to create a product. 
Consequently, there is a reliance on logistics, imports, and exports. 
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This dependency raises concerns during disruptions, highlighting the importance of making decisions. 
Sourcing organizations also encounter obstacles related to distribution risks and network shortages. 

Amid COVID-19, managing warehouses through direct distribution and responsive allocation have become 
aspects of the distribution sector. The retail supply chains have felt the impact, too, witnessing an uptick in 
demand for goods but a decrease in the popularity of luxury items. Such shifts pose threats to profit margins 
and existing business models. The unprecedentedly high demand levels for COVID-19 consumer goods and 
over-the-counter medications have pushed the dependency on supply networks to its limit, making it diffi-
cult to control the changing demand and supply patterns. In addition, artificial intelligence integrates capa-
bilities to develop systems based on genetic algorithms, agents, and expert systems, which can process con-
sumer demand, incoming orders, network optimization, supplier system integration, and inventory control. 
The outbreak of COVID-19 has prompted organizations to reevaluate and revamp their supply chain strate-
gies. Scriffignano (2020) revealed that 75% of businesses in industries like services, manufacturing, wholesale, 
and retail are associated with economies like China that have suffered significant negative impacts from the 
pandemic. To sum up, COVID-19 has exposed vulnerabilities within supply chains.

1. LITERATURE REVIEW

1.1. Artificial intelligence

Over the past two decades, many companies have 
worked on digitizing their operations, leading to the 
growth of a thriving industry. Artificial intelligence 
has been recognized as a technology that enables 
communication between machines (Toorajipour et 
al., 2021). However, Guzman and Lewis (2019) ar-
gued that its potential lies in improving supply chain 
efficiency by addressing challenges and managing 
large amounts of data. In addition, Guzman and 
Lewis (2019) confirmed that artificial intelligence is 
not a concept; its value in applications such as sup-
ply chain management has only recently gained 
recognition. By providing decision-making abili-
ties to tackle issues, artificial intelligence can elevate 
supply chain performance by ensuring timely and 
flawless deliveries, thus boosting customer satisfac-
tion. Implementing artificial intelligence can sim-
plify compliance processes, cut costs, and enhance 
the efficiency of a supply chain network (Treleaven 
& Batrinca, 2017). Moreover, Huang and Rust (2021) 
argued that artificial intelligence enhances capa-
bilities essential for demand forecasting in today’s 
ever-changing business landscape. Customizing in-
teractions with artificial intelligence-powered chat-
bots can also improve customer communication ef-
fectiveness (A. Alzoubi & M. Alzoubi, 2020). With 
the help of automated assistants backed by feedback 
from users and customer service representatives, 
they can aid in tracking the delivery status of a prod-
uct (Grover et al., 2020). 

1.2. Supply chain resilience 

Amid the challenges posed by the COVID-19 out-
break, the focus on supply chain resilience has in-
tensified among top-level executives. Supply chain 
resilience pertains to the ability of supply chains to 
effectively manage and recover from disruptions. 
Adobor (2020) argued the conceptual framework 
for extending an understanding of resilience in 
complex adaptive systems (CAS), such as supply 
chains, using the adaptive cycle framework. The 
study confirmed that supply chain resilience aims 
to restore or even enhance operational perfor-
mance levels post-disruption, as emphasized by 
Ponomarov and Holcomb (2009). The evaluation 
of supply chain resilience occurs in three phases 
during a disruption: preparedness (actions before 
a disturbance), response, and recovery following 
the event. This concept originates from studies 
that emphasize restoring equilibrium after events. 
Wong et al. (2020) examined the relationship be-
tween business values for supply chain resilience 
under different types and levels of disruptions. 
However, the global impact of COVID-19 has in-
troduced the idea of resilience. This new perspec-
tive suggests that intricate supply networks may 
not return to a state but require ongoing adaptation 
and learning in response to disruptions, as noted 
by Wong et al. (2020). According to Ponomarov 
and Holcomb (2009), resilient supply networks 
are less susceptible to disruptions and can man-
age supply chain interruptions. Supply chain re-
silience enables businesses to ensure the supply of 
their products and services to customers (Kano & 
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Oh, 2020). Research on supply chain resilience has 
expanded significantly since the pioneering work 
by Christopher and Pecks (2004). Nevertheless, 
De Sá et al. (2020) and Sundarakani et al. (2021) 
note that there is more to be achieved in terms of 
establishing how supply chain resilience develops, 
owing to progress and the shifting dynamics of 
supply networks.

1.3. Supply chain collaboration 

Collaboration within the supply chain entails li-
aising with organizations in the supply chain to 
achieve mutual benefit (Baryannis et al., 2019). 
However, de Sá et al. (2020) investigate how resil-
ience at different nodes in the supply chain influ-
ences overall supply chain resilience (SCRES) dur-
ing an extreme weather event. This study found 
that in a supply chain with low interdependence 
among players, individual firm resilience elements 
might be preferable to interorganizational ones. 
Supply chain partners share risks and rewards to 
establish trust, strengthen relationships, and de-
crease risks (Rajesh, 2020; Belhadi et al., 2022). 
Enhancing supply adaptability and minimizing 
scarcity necessitate having flexibility in all sorts of 
agreements, including long-term and short-term 
agreements. In the current paper, the obtainable 
literature on building links, encouraging resource 
exchange through link interactions, and provid-
ing entry to the supply of resources, both tangible 
and intangible, between organizations within the 
supply chain is discussed (Scholten et al., 2014; 
Lohmer et al., 2020).

1.4. Supply chain risk management 
culture 

Creating a culture centered around managing risks 
in the supply chain involves implementing prac-
tices to identify and manage risks across all levels 
of the organization to ensure that everyone em-
braces this approach (de Sá et al., 2020). Belhadi et 
al. (2024) examined the direct and indirect effects 
of AI, SCRES, and Supply Chain Performance 
(SCP) under the context of dynamism and uncer-
tainty of the supply chain. The study conceptual-
ized the use of artificial intelligence (AI) in the 
supply chain based on organizational informa-
tion processing theory. The results showed that 
while AI has a direct impact on SCP in the short 

term, it is recommended that its information pro-
cessing capabilities be exploited to build SCRES 
for long-lasting SCP. This includes forming a risk 
management team, cultivating a culture focused 
on managing risks, and raising awareness among 
all staff members (De Sá et al., 2020; Belhadi et al., 
2022). Numerous studies have highlighted the im-
portance of understanding the structure of supply 
chains, encompassing both informational compo-
nents. This understanding is vital for enhancing 
adaptability to changes and providing education 
for individuals and organizations (Rostami et al., 
2020).

1.5. Supply chain performance 

Prior studies have provided evidence showing 
that intelligence technology could increase busi-
nesses’ performance by improving collaboration 
and interactions between supply chains and cus-
tomers through improved supply chain manage-
ment (Altay et al., 2018; Sabahi & Parast, 2020). 
Supply chains that apply artificial intelligence 
technology to pricing and demand prediction 
reduce their losses by more than 56% in cases 
where they suffer from “out of stock” situations 
(Dubey et al., 2020). Additionally, the technology 
improves the inspection of a product. Similarly, 
integrating artificial intelligence into recom-
mendation systems when advertising improves 
the return on investment. When applied to cus-
tomer relationship management, consumers find 
such businesses accommodating (Lima-Junior & 
Carpinetti, 2020). However, Modgil et al. (2022) 
examined how firms employ AI and consider the 
opportunities for AI to enhance supply chain 
resilience by developing visibility, risk, sourc-
ing, and distribution capabilities. Also, it bridges 
the gap between businesses and their customers. 
Supply chain performance is crucial as it indi-
cates how well a company’s supply chain opera-
tions manage costs and meet customer needs 
effectively (Adobor, 2020; Modgil et al., 2022). 
Artificial intelligence technology has potential 
across business sectors such as order fulfillment, 
customer relations management, demand fore-
casting, procurement processes, inventory man-
agement, and purchasing decisions. This study 
expects businesses leveraging artificial intelli-
gence technology to see impacts on supply chain 
efficiency (Sabahi & Parast, 2020; Sharma, 2020).
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1.6. Information processing 
capabilities 

Artificial intelligence is the process by which a sys-
tem learns from data in its surroundings to adjust 
and come up with strategies. This involves meth-
ods and procedures that help one gain knowledge 
from input data, even if one does not know the 
expected output formats beforehand. The field of 
artificial intelligence has gone through periods of 
growth and decline since it first emerged in the 
1950s (Belhadi et al., 2022). It is due to technol-
ogy’s advances in computing power, the amount 
of data used, and the integration of artificial in-
telligence into operations and supply chain man-
agement that this technology has piqued scientists’ 
interest (Belhadi et al., 2024). Belhadi et al. (2022) 
examined how the open design of 3D printed mo-
bile phone accessories helps overcome size-related 
resource constraints, facilitate market growth, and 
ultimately generate sufficient consumer demand 
to alter the market leaders’ supply chain practic-
es in favor of social sustainability. Moreover, sci-
entists have suggested identifying the processing 
potential of artificial intelligence systems using 
three tasks and categories of stages within the in-
formation processing theory, including exploiting, 
expanding, and exploring (Belhadi, 2021). These 
stages also describe the influence artificial intelli-
gence systems may have on decision-making. 

Based on the literature review on artificial in-
telligence in supply chain management, when 
complying with these stages with the most com-
monly used methodologies (Beltagui et al., 2020), 
one may categorize them as follows. Firstly, the 
following methodologies are employed in the 
phase of exploration: machine learning and big 
data, optimization, fuzzy logic and program-
ming, Statistical programming, and knowledge 
representation reasoning (Baryannis et al., 2019; 
Cavalcante et al., 2019; Sabet et al., 2020). They 
allow for overcoming limitations in information 
processing, having control over datasets, and 
identifying patterns. Furthermore, the innovative 
methodologies used involve exploration and lever-
aging (Schniederjans et al., 2020; Dhamija & Bag, 
2020). They help develop ideas to substantially im-
prove human-machine interaction as issue analy-
sis progresses. Thus, the methodologies used may 
include network-based algorithms and tree-based 

clustering. The methods include artificially intel-
ligent exploration algorithms, such as agent-based 
systems, model predictive control, robotic process 
automation, and computer vision (Baryannis et al., 
2019; Mehdizadeh, 2020).

1.7. Dynamic capabilities

Firm resources form the basis for improving a 
company’s abilities, ultimately leading to its edge 
(Grant, 1991). This gives rise to capabilities that de-
termine a firm’s ability to quickly adapt to chang-
ing business conditions. This adjustment happens 
through aligning external resources (Teece et al., 
1997). Dynamic capabilities refer to a company’s 
capacity to intentionally create, expand, or mod-
ify its resource pool (Huang & Rust, 2021). These 
competencies can be either internal or external 
and closely linked to resilience capabilities in the 
supply chain field (Dubey et al., 2020). First, data 
centers allow the identification, analysis, and miti-
gation of risks by enabling resources and skills that 
ensure the business remains relevant in the rapidly 
changing environment. In the supply chain, data 
centers function as knowledge processing and en-
gineering systems and tools that enhance, protect, 
and extend trading networks to create more value 
for customers (Kwak et al., 2018). The role of dis-
tributional centers is increasingly popular in sup-
ply chains due to increasing network complexity. 
What value can the company form, what is its abil-
ity to deliver, and what role and implications of its 
essential capabilities and skills play in improving 
its competitive advantages and position, especially 
in securing a long-term sustainable competitive 
advantage? 

The COVID-19 pandemic highlighted the effec-
tiveness of distribution centers in enhancing sup-
ply chain resilience and ensuring the continued 
viability of an organization amidst uncertainty. 
Kwak et al. (2018) investigated the relationship 
between supply chain innovation, risk manage-
ment capabilities, and competitive advantage in 
global supply chains. They found that innovative 
supply chains have a discernible positive influ-
ence on all dimensions of risk management ca-
pability, which in turn has a significant impact 
on enhancing competitive advantage. However, 
some previous research has extensively stud-
ied artificial intelligence but has not focused 
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on its application in the supply chain domain 
(Ponomarov & Holcomb, 2009; Schniederjans 
et al., 2020). Therefore, there is a need to explore 
the implementation of artificial intelligence and 
draw insights from the experiences during the 
COVID-19 outbreak to enhance supply chain 
management practices. 

Figure 1 illustrates a model that displays the sug-
gested links between the variables along with the 
proposed study hypotheses.

H1: Artificial intelligence has a significant im-
pact on supply chain performance.

H2: Supply chain resilience has a significant im-
pact on supply chain performance.

H3a: Artificial intelligence has a significant im-
pact on supply chain collaboration.

H3b: Supply chain collaboration has a significant 
impact on supply chain resilience.

H4a: Artificial intelligence has a significant impact 
on supply chain risk management culture.

H4b: Supply chain risk management culture has a 
significant impact on supply chain resilience.

H5a: Artificial intelligence has a significant im-
pact on information processing capabilities.

H5b: Information processing capabilities have a 
significant impact on supply chain resilience.

H6a, b, c: Dynamic capabilities have a positive 
moderating impact on the association be-
tween (a) artificial intelligence and supply 
chain collaboration, (b) artificial intelligence 
and risk management culture, and (c) artifi-
cial intelligence and information processing 
capabilities.

2. METHOD

The study delves into how multinational supply 
chains are evolving through the adoption of ar-
tificial intelligence technology. The study focuses 
on analyzing a company as the subject. This study 
interviewed a key representative from the com-
pany to gain insights into the study’s concepts us-

Figure 1. Research framework

Artificial Intelligence

Risk Management 
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ing a custom tool for a participant to ensure preci-
sion. The study identified a total of 268 managers 
and senior executives from advanced companies 
in Jordan. This analysis focused specifically on 
engaging individuals in the implementation of 
artificial intelligence in supply chain operations. 
Surveys (Appendix A) were distributed to these 
individuals via email. The survey package includ-
ed a questionnaire along with a cover letter detail-
ing the research objectives, data usage intentions, 
and assurances of data confidentiality. After con-
ducting two rounds of data collection over eight 
weeks and sending three follow-up emails, 208 
usable responses were retrieved. This yielded a re-
sponse rate of 68.28%, which aligns well with the 
response rates observed in studies (Belhadi et al., 
2024). 

Following the guidance of Malhotra and Grover 
(1998), this study adapted existing measurement 
tools, from research-making tweaks to the word-
ing of the questions, to suit the specific research 
context and insights gained from an initial test. 
Survey questions were rated on a five-point Likert 
scale. This study conducted a response bias assess-
ment using Armstrong and Overton’s (1977) meth-
odology to address bias in the survey approach. 
This involved comparing responses from partici-
pants (25% of respondents), late participants (25% 
of respondents), and a sample of individuals who 
did not respond to the survey. The analysis of this 
study revealed that for all questions, the p-value 
exceeded 0.1, indicating no differences among 
early, late, and non-respondents. Thus, this means 
that non-response bias is not an issue in this study.

3. RESULTS 

Several experiments were conducted to determine 
the accuracy and reliability of the measurement 
method. Cronbach’s alpha was utilized to assess 
the consistency and dependability of the survey. 
Following the guidelines by Hair et al. (2017), a 
threshold of 0.70 was applied. Table 1 shows 
Cronbach’s alpha coefficients for each subscale 
of the scale, all exceeding the threshold of 0.70. 
Fornell and Larcker (1981) suggest a threshold of 
0.70 for the construct reliability (CR) test and 0.50 
for the variance extracted (AVE) test to evaluate a 
measuring instrument’s convergent validity. It is 

important to note that while component failure 
rates in Table 1 fell short of requirements, route 
loadings for each component exceeded 0.50, in-
dicating relationships. The validity of hypotheses 
within the research framework was assessed.

Table 1. Measurement model

Factors Loading CA CR AVE

Artificial intelligence

0.789

0.902 0.909 0.898

0.711

0.801

0.841

0.755

Collaboration

0.824

0.924 0.889 0.771
0.814

0.854

0.847

Risk management culture

0.710

0.886 0.922 0.891
0.707

0.706

0.715

Information processing 
capabilities

0.735

0.933 0.866 0.844
0.737

0.739

0.729

Resilience
0.775

0.875 0.822 0.9230.752

0.766

Performance

0.820

0.915 0.919 0.819
0.827

0.816

0.852

Dynamic capabilities

0.825

0.942 0.933 0.942
0.863

0.822

0.854

The discriminant validity test is a key test that 
helps identify if a concept supports its own indica-
tors in the PLS path model (Hair et al., 2017). The 
validity of measurement models is typically as-
sessed using the Fornell–Larcker criteria. As per 
the Fornell–Larcker criterion, it is recommended 
that the square root of the variance extracted by a 
construct be greater than the correlation between 
the construct and all the other constructs (Hair et 
al., 2017). This method was chosen because it has 
proven to be an effective technique for identify-
ing validity issues utilizing the heterotrait-mono-
trait ratio of the correlation approach (Modgil et 
al., 2022). The HTMT results in Table 2 show that 
the measurement model reflects the validity of the 
studied construct (A. Alzoubi & M. Alzoubi, 2020). 
All the values are below the recommended maxi-
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mum of 0.85, pointing toward validity among the 
constructs. The indicator relationships with the 
concept possess stronger correlations than the in-
dicator relationships in the same construct. These 
findings indicate distinctions between ideas with-
out similarities.

Table 2. Discriminant validity

Construct AI SCC RMC IPC SCR SCP DC

AI 0.526

SCC 0.510 0.468

RMC 0.522 0.519 0.603

IPC 0.544 0.449 0.602 0.629

SCR 0.642 0.441 0.549 0.676 0.674

SCP 0.639 0.515 0.533 0.658 0.515 0.587

DC 0.631 0.417 0.541 0.672 0.599 0.597 0.491

Note: AI = Artificial intelligence; SCC = Collaboration; RMC 
= Risk management culture; IPC = Information processing 
capabilities; SCR = Resilience; SCP = Performance; DC = Dy-
namic capabilities.

This study used the Fornell–Larcker criteria to 
assess its validity. This criterion is considered 
met when the correlations between components 
are lower than the average variance extracted 
(AVE) from those components. The square roots 
of AVEs highlighted for emphasis show values 
compared to component correlations. This find-
ing offers evidence supporting the effective-
ness of the analysis. After validating the mea-
surement model, the study analyzed the model, 
achieving an R2 score of 63.3%. The R2 value 
surpasses Hair et al.’s (2017) 30% threshold. The 
standardized path coefficients and p-values pre-
sented in Table 5 offer an explanation for the 
variability observed in endogenous components. 
The framework explained variance (R2) for sup-
ply chain cooperation stands at 0.70, while risk 
management culture is at 0.67, information pro-
cessing capability is at 0.73, and supply chain re-
silience is at 0.75. The relationships between in-
telligence and performance (β = 0.58; p < 0.000) 
and supply chain resilience and performance (β 
= 0.61; p < 0.000) demonstrate outcomes accord-
ing to path coefficients and p-values, leading to 
support for H1 and H2. Factors such as supply 
chain collaboration, risk management culture, 
and information processing capabilities influ-
ence the impact of intelligence on supply chain 
resilience. Specifically, artificial intelligence 
positively affects collaboration (with a coeffi-

cient of 0.52 and a p-value < 0.000), which in 
turn enhances resilience (coefficient of 0.59; p 
< 0.000). The relationship between intelligence 
and risk management culture is also significant, 
with a coefficient of 0.57 and a p-value < 0.000. 
Similarly, the connection between risk manage-
ment culture and resilience shows a correlation 
with a coefficient of 0.61 and a p-value < 0.000. 
Furthermore, the study highlights the associa-
tion between intelligence and information pro-
cessing capacities (coefficient of 0.65; p < 0.000). 
It was also observed that information process-
ing capabilities positively correlate with resil-
ience (coefficient of 0.67; p < 0.000). These re-
sults confirm H3a and H3b, H4a and H4b, and 
H5a and H5b.

The analysis supports H6a, H6b, and H6c, in-
dicating that dynamic capabilities play a role 
in influencing the connections between intelli-
gence and collaboration within supply chains (β 
= 0.42; p < 0.000), intelligence and fostering a 
culture of risk management (β = 0.48; p < 0.000), 
artificial intelligence and enhancing informa-
tion processing abilities (β = 0.41; p < 0.000), as 
well as artificial intelligence and overall perfor-
mance (β = 0.51; p < 0.000).

Table 3. Hypotheses results

Hypotheses β T P Decision

H1 0.58 4.365 0.000 Supported

H2 0.61 4.227 0.000 Supported

H3a 0.52 6.187 0.000 Supported

H3b 0.59 6.161 0.000 Supported

H4a 0.57 5.336 0.000 Supported

H4b 0.61 6.202 0.000 Supported

H5a 0.65 3.523 0.000 Supported

H5b 0.67 3.253 0.000 Supported

H6a 0.42 5.445 0.000 Supported

H6b 0.48 4.578 0.000 Supported

H6c 0.41 5.245 0.000 Supported

4. DISCUSSION

The study explored a framework that links intel-
ligence, supply chain collaboration, risk manage-
ment culture, information processing capabilities, 
supply chain resilience, performance, and dynam-
ic capabilities. The findings suggest that leverag-
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ing intelligence methods could help supply chains 
improve their performance during disruptions by 
enhancing information processing and adaptabil-
ity. However, these studies have not adequately as-
sessed the extent of this impact on various intel-
ligence inferences (Altay et al., 2018; Akter et al., 
2020). As revealed by Baryannis et al. (2019), the 
information processing capacity affects perfor-
mance in an organization. This study, therefore, 
examines the relationship between artificial 
intelligence-driven information processing ca-
pacity and creativity, variability, and long-run 
performance in contexts of supply chain man-
agement characterized by uncertainty and vari-
ability (Belhadi et al., 2024). 

It is concluded that artificial intelligence in-
novations have the potential to help firms in 
changing environments and maintaining or 
improving their performance. Artificial intel-
ligence can make decisions by learning from 
data, prompting supply chain innovation, and 
responding rapidly to incidents (Cavalcante et 
al., 2019; Dubey et al., 2020; Belhadi et al., 2024). 
The robust connection between supply chain 
resilience and performance can also be ascer-
tained. The firms that have access in advance of 
an incident respond effectively to it throughout 
the occasion, and quickly cure it thereafter are 
again much more likely to prosper. The results 
align with Belhadi et al. (2024) and Akter et al. 
(2020). 

In light of the above, it is important to imple-
ment a long-term perception to encourage per-
formance in intelligence. Thus, one may decide 
to boost capability in readiness and recovery 
(Mahajan & Tomar, 2021). However, one knows 
which amount of assistance from leveraging 
information processing and innovation could 
strengthen preparedness, recovery, and trigger 
and heal from actions and developments, which 
can finally improve long-term performance 
(Akter et al., 2020). The gap in the studies can 
thus be explained by an identified view of arti-
ficial intelligence in the literature as a technical 
device that just changes the preparedness mea-
sures (Lima-Junior & Carpinetti, 2020). De Sá 
et al. (2020) and Toorajipour et al. (2021) have 
demanded the role of companionship collabora-
tion in forming the capacity to sustain the gang 

when organizing culture and critical weakness-
es when collaboration autonomously consumes 
important information capacities. 

The key to the study was established by combin-
ing artificial intelligence with innovation effects, 
which were artificial intelligence-driven innova-
tion influence and the advancement of processing 
skills. This finding portrays significant positive 
development dynamics in how artificial intelli-
gence influences all these factors. The findings are 
consistent with the studies carried out by Scholten 
et al. (2014), Cavalcante et al. (2019), and Sabahi 
and Parast (2020). Artificial intelligence-driven 
innovation proficiencies work to powerfully reit-
erate the potential for the firm’s travel to frame its 
long-term fluency. Businesses that strengthen ar-
tificial intelligence models with the ability of in-
formatics to foster collaboration with self-grown 
algorithms that change roundabouts and learn 
from their behavior can coordinate to withstand 
disturbances. Due to its chances with forthcom-
ing occurrences, they share their judgments on 
inventories and productivity activities in actu-
al time (de Sá et al., 2020; Rajesh, 2020; Sabet et 
al., 2020). Artificial intelligence is also a learning 
system and artificial intelligence-enabled enter-
prises’ judgments can communicate in the most 
straightforward way possible should a spell hold 
or provide a prompt risk due to an approach-
ing incident and alter their tactics (Dubey et al., 
2020). Hence, they can provide in an affair and 
help their supplier or clients when a partner hap-
pens using artificial intelligence decision mecha-
nisms. Additionally, the relationship between ar-
tificial intelligence and intelligence and its links 
to inventories can be said to affirm belief or sug-
gest a much wider range of artificial intelligence 
success. In other words, there are even further 
factors and questions (Baryannis et al., 2019). The 
way organizations contribute to the growth of or-
ganizational skills, such as information handling, 
is shaped by the elusive disposition of the past ar-
rangement and management parameters; the con-
nection is the natural expansion of a linear move-
ment, and the end has multiplied into a situation 
with disastrous results. All of these must be con-
sidered together in revealing, and all invoke the 
current field’s merged theoretical understanding 
and businesses to certain questions (Mehdizadeh, 
2020; Queiroz et al., 2022).
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CONCLUSION

The aim was to determine the impact of synthetic intelligence-primarily based systems on improving 
overall performance in the presence of dynamism and uncertainty, both without delay and indirectly. 
The paradigm was then subjected to empirical evaluation using facts gathered from 208 businesses of 
varying sizes, situated in many places around Jordan and functioning in diverse monetary sectors. The 
findings offer empirical proof that supports the proposed framework. This evidence shows that the 
record-processing talents of artificial intelligence have a sizeable impact on overall performance. This 
effect may be visible either through the development of associated metrics or through the introduction 
of lengthy-term overall performance via strengthening the resilience of the delivery chain. Developing 
synthetic intelligence abilities is essential for companies to achieve sustained overall performance by 
enhancing supply chain resilience. This may be done through supply chain collaboration, hazard man-
agement culture, and data processing skills, which are the principal enablers in the dynamic and uncer-
tain delivery chain environment. 

Furthermore, this paper addresses the prevailing gap within the literature, referring to the topic of 
synthetic intelligence. While this paper has carried out critical measures throughout the study process 
to ensure safety, it is essential to observe the risks of a few boundaries regularly seen in survey designs. 
Moreover, the consequences of this look provide an image of a selected moment in time, which is simi-
larly emphasized through the present-day urgency to address the COVID-19 pandemic. Therefore, it is 
vital to conduct comprehensive longitudinal research to validate the connections among artificial intel-
ligence, resilience, and overall performance in the post-COVID-19 age. 

Furthermore, while this study covers a diversity of industries, it is crucial to note that each company ana-
lyzed functions within the production industry. To generalize the consequences of this research, it is im-
portant to conduct comparable studies in other spheres, including travel, transportation, and healthcare.

AUTHOR CONTRIBUTIONS 

Conceptualization: Adnan Taha, Sarwar Khawaja, Fayyaz Qureshi, Firas Rashed Wahsheh.
Data curation: Adnan Taha, Sarwar Khawaja, Fayyaz Qureshi, Firas Rashed Wahsheh.
Formal analysis: Adnan Taha, Sarwar Khawaja, Fayyaz Qureshi, Firas Rashed Wahsheh.
Funding acquisition: Adnan Taha, Sarwar Khawaja, Fayyaz Qureshi, Firas Rashed Wahsheh.
Investigation: Adnan Taha.
Methodology: Sarwar Khawaja, Firas Rashed Wahsheh.
Project administration: Adnan Taha.
Resources: Fayyaz Qureshi.
Writing – original draft: Adnan Taha, Fayyaz Qureshi, Firas Rashed Wahsheh.
Writing – review & editing: Sarwar Khawaja, Firas Rashed Wahsheh.

REFERENCES

1. Adobor, H. (2020). Supply chain 
resilience: An adaptive cycle 
approach. International Journal 
of Logistics Management, 31(3), 
443-463. https://doi.org/10.1108/
IJLM-01-2020-0019 

2. Akter, S., Michael, K., Uddin, M., 
McCarthy, G., & Rahman, M. 
(2020). Transforming business 
using digital innovations: The 

application of AI, blockchain, 
cloud and data analytics. Annals 
of Operations Research, 308, 7-39. 
https://doi.org/10.1007/s10479-
020-03620-w  

3. Altay, N., Gunasekaran, R., Dubey, 
R., & Childe, S. (2018). Agility and 
resilience as antecedents of supply 
chain performance under mod-
erating effects of organizational 

culture within the humanitarian 
setting: A dynamic capability view. 
Production Planning & Control, 
29(14), 1158-1174. https://doi.org/
10.1080/09537287.2018.1542174

4. Alzoubi, A., & Alzoubi, M. (2020). 
Determinants of e-learning based 
on cloud computing adoption: 
Evidence from a students’ per-
spective in Jordan. International 



750

Problems and Perspectives in Management, Volume 23, Issue 1, 2025

http://dx.doi.org/10.21511/ppm.23(1).2025.55

Journal of Advanced Science and 
Technology, 29(4), 1361-1370. 
Retrieved from http://sersc.org/
journals/index.php/IJAST/article/
view/5242 

5. Armstrong, J., & Overton, 
T. (1977). Estimating non-
response bias in mail surveys. 
Journal of Marketing Research, 
14(3), 396-402. https://doi.
org/10.1177/002224377701400320 

6. Baryannis, G., Validi, S., Dani, 
S., & Antoniou, G. (2019). Sup-
ply chain riskmanagement and 
artificial intelligence: State of the 
art and future research directions. 
International Journal of Produc-
tion Research, 57(7), 2179-2202. 
https://doi.org/10.1080/00207543.
2018.1530476 

7. Belhadi, A. (2021). Artificial 
intelligence-driven innovation for 
enhancing supply chain resilience 
and performance under the effect 
of supply chain dynamism: An 
empirical investigation. Annals of 
Operations Research. https://doi.
org/10.1007/s10479-021-03956-x

8. Belhadi, A., Kamble, S., Fosso 
Wamba, S., & Queiroz, M. 
M. (2022). Building supply-
chain resilience: An artificial 
intelligence-based technique 
and decision-making framework. 
International Journal of Produc-
tion Research, 60(14), 4487-4507. 
https://doi.org/10.1080/00207543.
2021.1950935 

9. Belhadi, A., Mani, V., Kamble, S.S., 
Khan, S.A.R., & Verma, S. (2024). 
Artificial intelligencedriven in-
novation for enhancing supply 
chain resilience and performance 
under the effect of supply chain 
dynamism: An empirical investi-
gation. Annals of Operations Re-
search, 11(9), 627-652. https://doi.
org/10.1007/s10479-021-03956-x 

10. Beltagui, A., Kunz, N., & Gold, 
S. (2020). The role of 3D print-
ing and open design on adoption 
of socially sustainable supply 
chain innovation. International 
Journal of Production Economics, 
221, Article 107462. https://doi.
org/10.1016/j.ijpe.2019.07.035 

11. Cavalcante, I., Frazzon, F., Forcel-
lini, A., & Ivanov, D. (2019). A 
supervised machine learning 

approach to data-driven simula-
tion of resilient supplier selec-
tion in digital manufacturing. 
International Journal of Infor-
mation Management, 49, 86-97. 
https://doi.org/10.1016/j.ijin-
fomgt.2019.03.004 

12. Christopher, M., & Peck, H. 
(2004). Building the resilient 
supply chain. The International 
Journal of Logistics Manage-
ment, 15(2), 1-14. https://doi.
org/10.1108/09574090410700275 

13. De Sá, M., Migue, R., Brito, D., & 
Pereira, S. (2020). Supply chain re-
silience: The whole is not the sum 
of the parts. International Journal 
of Operations & Production Man-
agement, 40(1), 92-115. https://doi.
org/10.1108/IJOPM-09-2017-0510 

14. Dhamija, P., & Bag, S. (2020). Role 
of artificial intelligence in opera-
tions environment: A review and 
bibliometric analysis. The TQM 
Journal, 32(4), 869-896. https://doi.
org/10.1108/TQM-10-2019-0243 

15. Dubey, R., Gunasekaran, A., 
Childe, S. J., Bryde, D. J., Gianna-
kis, M., Foropon, C., Roubaud, 
D., & Hazen, B. T. (2020). Big 
data analytics and artificial intel-
ligence pathway to operational 
performance under the effects 
of entrepreneurial orientation 
and environmental dynamism: A 
study of manufacturing organisa-
tions. International Journal of 
Production Economics, 226, Article 
107599. https://doi.org/10.1016/j.
ijpe.2019.107599 

16. Fornell, C., & Larcker, D. F. 
(1981). Evaluating Structural 
Equation Models with Unob-
servable Variables and Measure-
ment Error. Journal of Marketing 
Research, 18(1), 39-50. https://doi.
org/10.1177/002224378101800104 

17. Grant, R. M. (1991). The 
Resource-Based Theory of 
Competitive Advantage: Implica-
tions for Strategy Formulation. 
California Management Review, 
33(3), 114-135. https://doi.
org/10.2307/41166664

18. Grover, P., Kar, A., & Dwivedi, Y. 
(2020). Understanding artificial 
intelligence adoption in opera-
tions management: Insights from 
the review of academic literature 
and social media discussions. An-

nals of Operations Research, 308, 
177-213. https://doi.org/10.1007/
s10479-020-03683-9  

19. Guzman, A., & Lewis, S. 
(2019). Artificial intelligence 
and communication: A hu-
man–machine communication 
research agenda. New Media & 
Society, 22(1), 70-86. https://doi.
org/10.1177/1461444819858691 

20. Hair, J. F., Hult, G. T. M., Ringle, 
C. M., & Sarstedt, M. (2017). A 
primer on partial least squares 
structural equation modeling (PLS-
SEM) (2nd ed.). Sage. Retrieved 
from https://eli.johogo.com/Class/
CCU/SEM/_A%20Primer%20
on%20Partial%20Least%20
Squares%20Structural%20Equa-
tion%20Modeling_Hair.pdf

21. Huang, M., & Rust, R. (2021). A 
strategic framework for artificial 
intelligence in marketing. Journal 
of the Academy of Marketing 
Science, 49(1), 30-50. https://doi.
org/10.1007/s11747-020-00749-9 

22. Kano, L., & Oh, C. (2020). Global 
value chains in the post-COVID 
world: Governance for reliability. 
Journal of Management Stud-
ies, 57(8), 1773-1777. https://doi.
org/10.1111/joms.12626 

23. Kwak, D.-W., Seo, Y.-J., & Mason, 
R. (2018). Investigating the 
relationship between supply 
chain innovation, risk manage-
ment capabilities and competitive 
advantage in global supply chains. 
International Journal of Operations 
& Production Management, 38(1), 
2-21. https://doi.org/10.1108/
IJOPM-06-2015-0390

24. Lima-Junior, F., & Carpinetti, L. 
(2020). An adaptive network-
based fuzzy inference system to 
supply chain performance evalu-
ation based on SCOR® metrics. 
Computers & Industrial Engineer-
ing, 139, Article 106191. https://
doi.org/10.1016/j.cie.2019.106191

25. Lohmer, J., Bugert, N., & Lasch, 
R. (2020). Analysis of resilience 
strategies and ripple effect in 
blockchain-coordinated supply 
chains: An agent-based simula-
tion study. International Journal of 
Production Economics, 228, Article 
107882. https://doi.org/10.1016/j.
ijpe.2020.107882 



751

Problems and Perspectives in Management, Volume 23, Issue 1, 2025

http://dx.doi.org/10.21511/ppm.23(1).2025.55

26. Mahajan, K., & Tomar, S. (2021). 
COVID-19 and supply chain dis-
ruption: Evidence from food mar-
kets in India. American Journal 
of Agricultural Economics, 103(1), 
35-52. https://doi.org/10.1111/
ajae.12158

27. Malhotra, M., & Grover, V. (1998). 
An assessment of survey research 
in POM: From constructs to 
theory. Journal of Operations 
Management, 16(4), 407-425. 
https://doi.org/10.1016/S0272-
6963(98)00021-7 

28. Mehdizadeh, M. (2020). Integrat-
ing ABC analysis and rough set 
theory to control the inventories 
of distributor in the supply chain 
of auto spare parts. Computers & 
Industrial Engineering, 139, Article 
105673. https://doi.org/10.1016/j.
cie.2019.01.047

29. Modgil, S., Singh, R.K., & 
Hannibal, C. (2022). Artificial 
intelligence for supply chain re-
silience: Learning from Covid-19. 
The International Journal of Logis-
tics Management, 33(4), 1246-
1268. https://doi.org/10.1108/
IJLM-02-2021-0094 

30. Ponomarov, S., & Holcomb, M. 
(2009). Understanding the concept 
of supply chain resilience. Interna-
tional Journal of Logistics Manage-
ment, 20(1), 124-143. https://doi.
org/10.1108/09574090910954873 

31. Queiroz, M., Ivanov, D., Dolgui, 
A., & Fosso Wamba, A. (2022). 
Impacts of epidemic outbreaks on 
supply chains: Mapping a research 
agenda amid the COVID-19 pan-
demic through a structured litera-
ture review. Annals of Operations 
Research, 2022, 1-38. https://doi.
org/10.1007/s10479-020-03685-7 

32. Rajesh, R. (2020). A grey-layered 
ANP based decision support 
model for analyzing strategies 
of resilience in electronic supply 
chains. Engineering Applications 
of Artificial Intelligence, 87, Article 
103338. https://doi.org/10.1016/j.
engappai.2019.103338

33. Rostami, A., Paydar, W., & 
Asadi-Gangraj, E. (2020). A hybrid 
genetic algorithm for integrating 
virtual cellular manufacturing 
with supply chain management 
considering new product devel-

opment. Computers & Indus-
trial Engineering, 145. https://doi.
org/10.1016/j.cie.2020.106565 

34. Sabahi, S., & Parast, M. (2020). 
The impact of entrepreneurship 
orientation on project perfor-
mance: A machine learning 
approach. International Journal of 
Production Economics, 226, Article 
107621. https://doi.org/10.1016/j.
ijpe.2020.107621

35. Sabet, E., Yazdani, R., Kian, R., & 
Galanakis, R. (2020). A strategic 
and global manufacturing capac-
ity management optimisation 
model: A scenario-based multi- 
stage stochastic programming 
approach. Omega, 93, Article 
102026. https://doi.org/10.1016/j.
omega.2019.01.004

36. Schniederjans, D., Curado, C., & 
Khalajheda, M. (2020). Supply 
chain digitisation trends: An 
integration of knowledge manage-
ment. International Journal of 
Production Economics, 220, Article 
107439. https://doi.org/10.1016/j.
ijpe.2019.07.012 

37. Scholten, K., Scott, P. S., & Fynes, 
B. (2014). Mitigation processes – 
antecedents for building supply 
chain resilience. Supply Chain 
Management: An International 
Journal, 19(2), 211-228. https://doi.
org/10.1108/SCM-06-2013-0191

38. Scriffignano, A. (2020, Novem-
ber 12). COVID-19 isn’t going 
anywhere - it’s time for businesses 
to adapt. Dun & Bradstreet.  
Retrieved from https://www.dnb.
com/perspectives/business-part-
nerships/adapting-supply-chains-
covid-19.html 

39. Sharma, R. (2020). A system-
atic literature review on machine 
learning applications for sustain-
able agriculture supply chain 
performance. Computers & 
Operations Research, 119, Article 
104926. https://doi.org/10.1016/j.
cor.2020.104926

40. Sundarakani, B., Pereira, V., & 
Ishizaka, A. (2021). Robust facility 
location decisions for resilient 
sustainable supply chain perfor-
mance in the face of disruptions. 
International Journal of Logistics 
Management, 32(2), 357-385. 
https://doi.org/10.1108/IJLM-12-
2019-0333 

41. Teece, D., Pisano, G., & Shuen, 
G. (1997). Dynamic capabili-
ties and strategic management. 
Strategic Management Jour-
nal, 18(7), 509-533. https://
doi.org/10.1002/(SICI)1097-
0266(199708)18:7%3C509::AID-
SMJ882%3E3.0.CO;2-Z 

42. Toorajipour, R., Sohrabpour, V., 
Nazarpour, A., Oghazi, P., & Fischl, 
M. (2021). Artificial intelligence 
in supply chain management: 
A systematic literature review. 
Journal of Business Research, 122, 
502-517. https://doi.org/10.1016/j.
jbusres.2020.09.009 

43. Treleaven, P., & Batrinca, B. (2017). 
Algorithmic regulation: automat-
ing financial compliance monitor-
ing and regulation using AI and 
blockchain. Journal of Financial 
Transformation, 45, 14-21. https://
ideas.repec.org/a/ris/jofitr/1586.
html 

44. Wong, C., Lirn, T., Yang, C., & 
Shang, K. (2020). Supply chain 
and external conditions under 
which supply chain resilience 
pays: An organizational infor-
mation processing theorization. 
International Journal of Produc-
tion Economics, 226, Article 
107610. https://doi.org/10.1016/j.
ijpe.2019.107610 



752

Problems and Perspectives in Management, Volume 23, Issue 1, 2025

http://dx.doi.org/10.21511/ppm.23(1).2025.55

APPENDIX A

Table A1. Questionnaire

Factors Items

Artificial intelligence 

How familiar are you with the concept of artificial intelligence (AI) in the context of supply chain 
management?
Have you implemented any AI solutions in your supply chain operations to address the challenges 
posed by COVID-19? If yes, please provide details.
Do you believe that AI can help improve the resilience and performance of your supply chain in the 
context of COVID-19? Why or why not?
In what specific ways do you think AI can mitigate the impact of COVID-19 on supply chain 
operations?
How do you envision integrating AI technologies into your existing supply chain processes to 
address COVID-19 challenges?

Collaboration

How would you rate the level of collaboration among your supply chain partners before and during 
the COVID-19 pandemic?
In what specific ways has collaboration with supply chain partners influenced the resilience of your 
supply chain during COVID-19?
How has collaboration with supply chain partners impacted the overall performance of your supply 
chain during the COVID-19 pandemic?
To what extent do you think collaboration with other supply chain partners has influenced the 
availability and quality of data for AI-driven analytics during COVID-19?

Risk management culture 

In what ways does your organization’s risk management culture influence the overall performance 
of your supply chain during the COVID-19 pandemic?
How do you measure the effectiveness of risk management practices in improving supply chain 
performance?
Do you believe that a strong risk management culture enhances the effectiveness of AI solutions in 
addressing COVID-19 challenges within the supply chain? Why or why not?
How do you think a risk-aware culture within supply chain operations can facilitate the 
implementation and integration of AI technologies?

Information processing 
capabilities 

Do you believe that strong information processing capabilities enhance the effectiveness of AI 
solutions in addressing COVID-19 challenges within the supply chain? Why or why not?
How would you rate the information processing capabilities of your supply chain before and during 
the COVID-19 pandemic?
In what ways does the information processing capability of your supply chain affect its overall 
performance during the COVID-19 pandemic?
How do you measure the effectiveness of information processing in improving supply chain 
performance?

Resilience 

How would you define resilience within your supply chain context?
What are the main challenges your organization has faced in building resilience within the supply 
chain, particularly in response to COVID-19?
In what ways do you think AI technologies can enhance the resilience of your supply chain?

Performance

What are your expectations for the future role of performance management in supply chain 
operations post-COVID-19?
How do you address these challenges, and what strategies have you implemented to improve supply 
chain performance?
In what specific ways do you think AI technologies can improve the performance of your supply 
chain?
How would you define performance within your supply chain context?

Dynamic capabilities

How would you define dynamic capabilities within the context of your supply chain?
How do you assess the dynamic capabilities of your supply chain, particularly in response to the 
challenges brought by COVID-19?
What key elements or components do you consider essential for building dynamic capabilities 
within your supply chain?
In what specific ways do you think AI technologies can enhance the dynamic capabilities of your 
supply chain?
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