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Abstract 
This study presents a comprehensive investigation into the AI supply chain journey, 
combining a systematic literature review (SLR) and empirical interviews with supply 
chain experts. The objective is to identify and analyze key enablers and constraints 
influencing AI in the pre-development, deployment, and post-development stages. The 
research integrates empirical data with a Technology-Organization-Environment (TOE) 
framework, revealing the interactions between technological, organizational, and 
environmental factors. The thematic analysis uncovers six axial themes for the pre-
development stage and one theme for the deployment and post-development stages 
respectively, providing valuable insights into factors influencing successful AI 
integration. Moreover, industry-specific insights are unveiled for the Airline, Agri-food, 
Retail, and Logistics sectors, emphasizing the importance of contextual factors and 
tailored AI strategies. The study contributes to the existing knowledge by offering 
practical implications for AI integration in supply chains, highlighting the significance 
of managing constraints and industry heterogeneity. By identifying and understanding 
the key constraints, this research provides a deeper understanding of the constraints 
faced during different stages of AI in supply chains. This study makes a substantial 
contribution to the current socio-technical discourse on the successful journey of AI in 
supply chains by deriving eight propositions that offer valuable insights. These 
propositions delve into the practical implications of addressing constraints and 
transforming them into enablers for achieving enhanced supply chain performance. The 
propositions offer guidance to both academic researchers and industry professionals, 
equipping them with actionable strategies to navigate the complexities and intricacies 
of integrating AI technologies into the supply chain. By embracing these propositions, 
stakeholders can effectively harness the power of AI to optimize various aspects of the 
supply chain, leading to improved efficiency, agility, and competitiveness. Ultimately, 
this research contributes to advancing the understanding of the AI journey in supply 
chains and offers practical solutions to drive the successful embracing of AI 
technologies in real-world supply chain environments. 

Keywords: Artificial intelligence; Enablers and constraints; Supply chain management; 
Technology-Organization-Environment; Industry 4.0 
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1. Introduction  

COVID-19 has revealed the sensitivity and vulnerability of global supply chains in 
terms of supply chain risk management (Baryannis et al. 2019), supply chain resilience 
(Ivanov and Dolgui 2021) and agile and lean supply chain management (Upadhyay et 
al. 2022) especially in the industry of agri-food (Nayal et al. 2022), retail (Modgil, 
Singh, and Hannibal 2021), humanitarian (Rahman et al. 2022), and healthcare (Jæger, 
Menebo, and Upadhyay 2021). Fortuitously, the age of Information 4.0 is upon us 
(Hofmann et al. 2019), enabled by advanced technologies Internet of Things (Ben-Daya, 
Hassini, and Bahroun 2019), Blockchain (Jraisat et al. 2022) and Artificial Intelligence 
(AI). The technical term “AI” was first introduced at a Dartmouth workshop in 1956 to 
indicate the capability and skills of machines to exchange information with - and mimic 
the capabilities and features of – people (Russell 2010). The least AI breakthrough 
includes deep neural networks, long-short term memory networks, and convolutional 
neural networks drive AI boom in automating tasks that have previously been possible 
for humans only (Helo and Hao 2022). Accelerated by increasing computing, 
processing, and storing power, AI is now mature enough to be adapted to fulfilling the 
sustainable supply chain goals (Jraisat et al. 2021), as well as encouraging green 
practices (Sharma et al. 2022; Upadhyay 2021) with optimized supplier selection 
(Kunkel et al. 2022), demand forecasting (Feizabadi 2022), inventory management 
(Preil and Krapp 2022), logistics and transportation (Demir, Syntetos, and van Woensel 
2022) to collaborative closed-loop supply chains (Jraisat et al. 2021).  

The successful integration of AI within aforementioned supply chain tasks is a 
complex procedure, comprising three key stages: pre-development, deployment, and 
post-development (Wang, Skeete, and Owusu 2022), each of which is associated with 
distinct enablers and constraints. The pre-development stage motivates the recognition 
of operational gaps and the conception of an AI system to tackle them, however it may 
be constrained by limitations such as poor data quality and organizational readiness 
(Dubey et al. 2022; Hao and Demir 2023). The deployment phase, driven by 
technological sophistication and the compatibility with existing processes, can be 
constrained by complexities in system integration and user accessibility (Helo and Hao 
2022). The post-development phase is marked by the aspiration for continuous 
performance monitoring and system optimization but is challenged by the need to 
maintain the adaptability and longevity of AI in the evolving technological landscape 
(Riahi et al. 2021). To harness the full potential of AI in the supply chain, a thorough 
understanding of these stages and their respective enablers and constraints is critical. 
The identification of these enablers and constraints should transcend the narrow lens of 
merely technology-based factors, encompassing a broader spectrum of considerations, 
which will capture within the Technological, Organizational and Environmental (TOE) 
framework. The AI journey is influenced by a series of combination enablers and 
constraints under the lens of TOE, with technological factors encompassing 
characteristics and capabilities of the technology such as functionality, compatibility, 
and complexity (Khosrowabadi, Hoberg, and Imdahl 2022), interact with 
organizational factors, including internal structures, processes, and resources such as 
management practices, organizational culture, and human resources  (Gupta et al. 2021; 
Sodhi et al. 2022). These factors are further influenced by external environmental 



 
 

 
 

factors, including industry dynamics, regulatory frameworks, and societal norms, 
which shape the context in which the organization operates (Lu et al. 2019; Bag and 
Pretorius 2022). 

Recognizing the interconnectedness and context-dependent nature of enablers and 
constraints in AI integration presents a significant research gap. The connection 
between technology and the organization is fundamental, as AI advancements present 
opportunities to optimize supply chain practices. Conversely, the technical capabilities, 
infrastructure, resources, readiness for change, management support and data 
governance are prerequisites for embracing AI. The environmental dimension further 
shapes these connections, with market conditions, industry dynamics, and regulatory 
frameworks impacting the opportunities and constraints for AI integration. Such an 
intertwined landscape calls for a well-structured framework in addressing the enablers 
and constraints of AI integration from both academic and industry perspectives. 

In light of these literature gaps, this review intends to answer three research 
questions. 

RQ1: What are the most prevalent techniques of AI that are applied in supply chain 
industries and tasks? 

RQ2: What are the enablers of and constraints to the pre-development, deployment, 
and post-development of AI in the supply chain?  

RQ3: How do these enablers and constraints impact the success of AI in the supply 
chain journey, and what are the relationships between these factors? 

In an effort to bridge the existing knowledge gap, this research employs a systematic 
literature review (SLR), fortified by closed-ended quantitative bibliometric analysis, 
open-ended qualitative thematic analysis, and an amalgamation of open-ended and 
close-ended interviews to ensure a rich and comprehensive perspective. The resultant 
insights—pertinent to scholars and practitioners involved in AI journey within supply 
chain—shed light on the enablers and constraints present throughout the critical phases 
of AI integration, including pre-development, deployment, and post-development 
stages. Consequently, our study differs from previous studies for the following reasons, 
addressing AI history and identifying the application of AI in supply chain is not the 
aim, because published theoretical and technical papers cover this subject broadly. 
Instead of simply listing enablers and constraints across the various stages of the AI 
lifecycle, this study aims to surpass the limitations of current research by applying and 
extending the TOE framework with aims of delving deeper into the academic-industry 
interface of AI in supply chain and fostering comprehensive understanding of the real-
world enablers and constraints encountered throughout the AI supply chain journey. 

To fulfill the research goals and answer the RQs, the research progresses as follows. 
Section 2 offers a theoretical underpinning of TOE framework. Section 3 details the 
methodological procedures employed in conducting a systematic review. Section 4 
discusses the research context and research findings, and Section 5 derives the 
conceptual model with discussion. Section 6 concludes with a summary of the key 
findings and responses to the research questions, limitations of the study, and 



 
 

 
 

suggestions for future research directions.  

2.  Background knowledge  

The complex and dynamic external environment, coupled with evolving customer 
demands, has prompted a renewed focus on advanced technologies, particularly in the 
realm of AI innovation, to enhance flexibility and responsiveness in supply chain 
management (Cadden et al. 2021; Preil and Krapp 2022). Supply chain organizations 
have emphasized AI as a competitive advantage, a secret weapon, and a key successful 
factor in improving operational performance (Dubey et al. 2020), promoting process 
integration (Pournader et al. 2021), and achieving sustainable supply chain (Demir, 
Syntetos, and van Woensel 2022). In the literature, there are studies that consider the 
integration of robust technological innovation conceptual framework, namely Unified 
Theory of Acceptance and Use of Technology (Venkatesh et al. 2003), Technology 
Acceptance Model (Davis, Bagozzi, and Warshaw 1989), and TOE framework. The 
combination of both human and nonhuman actors (Awa, Ukoha, and Emecheta 2016) 
and internal and external factors (Marija et al. 2021) provides TOE a more holistic view 
of the technology integration enablers and constraints which is the reason for its 
dominance over other acceptance models (Wen and Chen 2010). Therefore, the aim of 
the TOE framework is to study the use of technological innovations, envisaging a three-
fold focus on technological innovation: the technological, organizational, and 
environmental contexts (Baker 2012). The technological context refers to the pool of 
diverse internal and external technologies of the firm and their relative advantage, 
complexity, compatibility, trialability, and observability (Wang, Wang, and Yang 2010). 
The organization perspective refers to the characteristics and resources within the 
organization, including the firm size, leadership style, management structure, human 
resource quality, and the amount of slack resources (Low, Chen, and Wu 2011). The 
environmental context, which encompasses a broader industry perspective and involves 
multiple stakeholders, including competitors, government, and partners, should also be 
taken into consideration. More specifically, it describes the structure of industry, the 
level of competition, the regulatory environment, the support infrastructure, the 
development of local economics and the presence or absence of technology providers 
(Tornatzky, Fleischer, and Chakrabarti 1990). The TOE framework, comprising 
technology, organization, and environment (with sub-factors shown in Table 1), 
represents a tripartite lens through which the enablers and constraints of AI integration 
will be examined across the pre-development, deployment, and post-development 
stages. 

Table 1. TOE perspective.    

Perspectives Sub-factor Definition 
T  Relative advantage The degree to AI offers improvements or 

benefits in terms of efficiency, and 
effectiveness.  

Trust The degree to which stakeholders trust the 
capabilities and effectiveness of AI. 

Security The degree to which AI used in supply 



 
 

 
 

chain are secure and protected against 
cyber-attacks. 

Compatibility The degree to which AI is compatible 
within the existing systems and 
technologies. 

Availability The degree to which AI is accessible to the 
organization. 

O Infrastructure The hardware and software components 
support the use of AI. 

Monetary 
resources  

The financial resources required to 
acquire, install, and maintain AI. 

Authority support  The degree to which senior executive and 
top-level decision-making are supportive 
of the integration of AI.  

Expertise and 
knowledge  

The technical knowledge and skills 
required to develop, implement, and 
maintain AI.  

E Partners pressure The pressure exerted by partners to adopt 
and implement AI.  

Rivalry pressure The degree of competition in the industry 
which creates pressure for organizations to 
adopt and implement AI.  

Regulatory 
support 

Government policies and regulations that 
support the integration of AI.  

Customer pressure  The pressure exerted by customers to 
adopt and implement AI. 

Sources: (Nayal et al. 2022; Paul, Riaz, and Das 2020; Mahroof 2019; Dora et al. 2021) 

3. Methodology  

To enrich the robustness and comprehensiveness of the research questions posed, a 
triangulation approach has been employed, merging three-step research methodologies 
including a bibliometric analysis and thematic analysis, both underpinned by an SLR, 
as well as empirical research driven by industry interviews. While SLRs offer 
comprehensive insights into a research area by surveying and synthesizing existing 
academic studies, they often lack empirical insights derived from real-world industry 
scenarios. To compensate for this limitation, this research proposes integrating industry 
interviews into the methodology, entailing conducting interviews with industry 
professionals who have first-hand experience in the AI supply chain domain. The 
combination of findings from the SLR and industry interviews is anticipated to provide 
a more holistic understanding of the application of AI in supply chains. 

In addressing RQ1, a closed-ended quantitative bibliometric analysis is used, 
effectively mapping out the landscape of current research and identifying prevalent 
supply chain tasks and subfields within the role of AI. The RQ2 benefits from the 
insights provided by an open-ended thematic analysis, offering detailed three-stage 
perspectives on the enablers and constraints of the AI supply chain journey. Finally, to 
validate the model developed for the RQ3, a mixed open-ended and closed-ended 
empirical interview is implemented. The inclusion of open-ended questions provides 



 
 

 
 

an avenue for comprehensive insights from the respondents with different backgrounds, 
potentially uncovering new facets or perspectives not initially anticipated. On the other 
hand, closed-ended questions are integrated to generate quantifiable data that can be 
systematically analyzed and compared, leading to precise measurements and rankings 
views on themes related to the model.  

3.1 Systematic literature review  

This paper examines the literature on AI in the supply chain domain by systematically 
reviewing published peer-reviewed journal articles, extracting from Web of Science, 
Scopus, and Science Direct. SLR is essentially appropriate for developing an 
understanding of theoretical concepts and building an evidence-based management 
body of knowledge (Tranfield, Denyer, and Smart 2003). To address the challenges 
arising from the varying theoretical perspectives that shape the interpretation of 
research findings in supply chain domain, this paper adheres to the six-step process 
proposed by Durach, Kembro, and Wieland (2017) with a focus on ensuring the 
reproducibility of the research methodology. The process begins with defining the 
research questions, followed by establishing inclusion and exclusion criteria using pilot 
research, retrieving a baseline sample of potentially relevant articles, applying pre-
defined criteria to refine the database, synthesizing the articles, and ultimately reporting 
the findings of the SLR (Table 2). 

In order to conduct an inclusive yet practical literature review, current research draws 
upon the work of Stock and Boyer (2009) who cover the fundamental keywords in the 
definition of supply chain management, categorized as marketing, logistics, production 
and supply chain management (procurement, inventory management and distribution 
are included in the latter). AI as a broad field covers an array of techniques and 
approaches designed to make machines mimic human intelligence, which can be further 
classified into a number of sub-fields namely ‘thinking humanly’, ‘acting humanly’, 
‘thinking rationally’ and ‘act rationally’ (Min 2010). Within this spectrum, Machine 
Learning (ML) and Deep Learning (DL) emerge as critical subsets. ML algorithms, 
which could be seen as a manifestation of 'acting humanly and rationally', make 
machines learn from data and progressively refine their actions based on patterns they 
discern, closely mirroring how humans learn from experiences and adapt their 
behaviours accordingly. DL, on the other hand, imitates 'thinking humanly and 
rationally' by using artificial neural networks to replicate the structure and functioning 
of human brain. Therefore, the classification of AI into subsets of ML and DL offers a 
more comprehension of the diverse expressions of AI (Woschank, Rauch, and 
Zsifkovits 2020; Helo and Hao 2022).  

Table 2. Completion of the six-step SLR methodology.  
Step 1: Formulate research questions  
Since the paper aims at exploring enablers and constraints of AI in supply chain 
decision-making, the following research questions are formulated: ‘RQ1: What are the 
most prevalent techniques of AI that are applied in supply chain industries and tasks? 
RQ2: What are the enablers of and constraints to the pre-development, deployment, and 
post-development of AI in the supply chain? RQ3: How do these enablers and 
constraints impact the success of AI in the supply chain journey, and what are the 



 
 

 
 

relationships between these factors?’ 
Step 2: Determine inclusion and exclusion criteria  

To identify articles that could potentially offer significant contributions and merit 
further review, this study followed a pilot search process as outlined by Denyer and 
Tranfield (2009). 
- Articles should be peer-reviewed journal articles.  
- Articles should be written in English.  
- Articles must contain at least one predefined keyword from each subset in their 

title, abstract, or keywords to ensure substantive relevance. 
- Articles that were deemed substantively irrelevant were excluded. 
- The abstracts of the remaining articles were read to ensure substantive and 

empirical relevance. 
- The remaining articles were thoroughly reviewed in their entirety to further 

ensure substantive and empirical relevance. 
Step 3: Retrieve a baseline sample of articles  

A systematic search was conducted within the Web of Science, Scopus, and Science 
Direct databases, specifically focusing on peer-reviewed journal articles. The search 
was limited to a single set of keywords to ensure comprehensive coverage of the 
relevant literature. 

(‘artificial intelligence’ or ‘ai’ or ‘machine learning’ or ‘deep learning’ and ‘supply 
chain’ or ‘marketing’ or ‘logistics’ or ‘production’) and (‘enablers’ or ‘barriers’ or 
‘opportunities’ or ‘challenges’ or ‘facilitators’ or ‘constraints’) 

- To ensure comprehensive coverage of relevant literature and minimize the 
likelihood of missing important studies, specific keywords related to distinct 
subfields of supply chain management such as marketing, logistics, and 
production were included to achieve data saturation (Toorajipour et al. 2021). 

- The search process was conducted without restrictions on journals, disciplines, 
or date of publication, with the set of keywords applied to the title, abstract, and 
keyword fields. The outcome of this comprehensive search yielded 4,195 articles 
that were potentially relevant to the research question under investigation (1919 
in Web of Science, 1,414 in Science Direct, and 862 in Scopus). 

Following a rigorous screening process, which included removing duplicates 
(n=892) and removing non-journal articles (n=56), a total of 3,247 distinct articles 
were identified in April 2023. 

Step 4: Apply the inclusion/exclusion criteria from step two  
To obtain a subset of pertinent studies, the inclusion/exclusion criteria (Step 2) were 
meticulously applied to the baseline sample. To mitigate any potential bias, the 
criteria were individually and collaboratively assessed by two scholars during the 
article review process. This rigorous approach ensures a high degree of rigor in the 
selection of studies, minimizing the risk of introducing extraneous or irrelevant 
information into the analysis.  
Following a comprehensive screening process, a total of 326 pertinent articles were 
initially identified. Additionally, the snowball sampling method was used, which 
involved reviewing the reference lists of the selected articles, resulting in the 
addition of 35 additional relevant articles.  
The relevance of each article to the intersection of AI and supply chain was assessed, 
leading to the identification of a synthesis sample comprising 361 articles. 

Step 5: Synthesise the articles 
The methodology employed in this study adopted an aggregative synthesis approach 
that encompasses both quantitative and qualitative components (Denyer and 



 
 

 
 

Tranfield 2009). 
The quantitative synthesis entailed a meticulous process of extracting data from the 
selected articles, adhering to a predefined coding structure that encompassed various 
key variables: publication date, including the publication date, research method 
employed, industry type, distribution of supply chain tasks, and the use of AI 
techniques.   
The qualitative synthesis is to conduct a thematic analysis to answer the research 
questions formulated at the outset of the review, based on themes that emerge during 
the qualitative synthesis part of the review. Thematic analysis, a qualitative research 
methodology, is deemed as a less intricate form of analysis compared to other 
qualitative approaches which makes it an advantageous option for researchers who 
are still in the nascent stages of their research career (Braun and Clarke 2006). As 
thematic analysis has been posited as a valuable research method for exploring 
diverse perspectives, highlighting similarities and differences, and generating 
unexpected insights from research participants which has been widely adapted in 
supply chain research (Modgil et al. 2022; Riahi et al. 2021).  

Step 6: Report the results 
The synthesis sample (n=361) underwent a descriptive analysis that involved 
applying a set of predefined coding structures, as outlined in Step 5 of the study. The 
findings from this analysis are presented first, followed by a thematic analysis. 
The thematic analysis was conducted to address the research questions that were 
formulated in Step 1, leveraging the themes that emerged during the qualitative 
synthesis process of Step 5. 

 

3.2 Empirical interview 

Controlling for industry, firm size and structure, geographic location and industry 
setting is crucial to establish robust sample controls and clear research boundaries, 
thereby avoiding bias, enhancing comparability, improving generalizability, and 
facilitating industry-specific empirical insights. Upon considering the industries ripe 
for the application of AI, the wealth of data volumes becomes the prerequisite for 
selecting an empirical industry. From the vast trove of data that the airline industry 
accumulates from areas such as flight planning, passenger management, and aircraft 
maintenance, to the abundant data harvested in retail through customer engagement, 
sales operations, and inventory control, the comprehensive data landscape in agri-food 
from farm to fork, and the wealth of data in logistics and manufacturing from 
production lines, storage facilities, transport coordination, and quality assurance, each 
organization form a fertile ground for AI to facilitate automation, augmentation and 
provision of valuable insights. 

The empirical data collection took place between September 2022 and April 2023. 
Semi-structured interviews were chosen as the primary data source due to their 
effectiveness and adaptability in gathering rich empirical data (Eisenhardt and Graebner 
2007). The potential interview candidates were identified and selected from the 
extensive research network established by the authors over the past decade. The 
longstanding relationships between the practitioners and authors ensured the credibility 
of the input contribution from experts. Following established guidelines on purposive 
sampling and data saturation (Glaser and Strauss 2017), and considering the constraints 



 
 

 
 

of resources and time, an initial target range of 10 to 20 interviewees within seven 
industries were set. The sampling process stopped when data saturation was achieved, 
indicating that further interviews yielded limited additional insights. Ultimately, a total 
of 12 experts were interviewed in the industry of airline, retail, agri-food, transport, and 
logistics (Table 3).  

To ensure accuracy, each interview was first recorded and subsequently transcribed. 
Field notes were independently taken by two researchers to reduce subjective bias. Field 
notes were independently taken by two researchers to reduce subjective bias. A semi-
structured interview protocol was developed in which the questions focused on the 
enablers and constraints in the stages of pre-development, deployment, and post-
development stages. Semi-structured interviews facilitated a flexible and exploratory 
conversation, promoting mutual reflection and knowledge sharing while collecting 
targeted evidence specifically tailored for research purposes. While all respondents 
were asked the same set of questions outlined in the protocol, the level of detail and 
focus of the discussion varied depending on the role of the respondents (Pandey and 
Patnaik 2014). 

Each interview lasted on average from 40 to 60 min. To validate the information and 
address any misunderstandings, a structured summary of verbatim transcripts was 
provided to the interviewees, including all the relevant information requiring feedback. 
The aim of providing a structured summary, instead of the entire transcript, was to 
maximize feedback response rates and minimize the potential bias. Table 3 provides an 
overview of a set of professionals spanning across four different countries-the United 
States, China, the United Kingdom, and Demark-and four distinct industries-airline, 
retail, agri-food and global transport and logistics. The listed professionals play various 
roles in the supply chain domain, utilizing AI for scheduling, demand forecasting, 
warehousing, risk management, logistics and route optimization, as well as continuous 
improvement and optimization. 

Table 3. Overview of the interviews. 

Background Industry Code Interviewees Nature of work Year of 
experience 

US-1924 Airline 
supply 
chain 

R1  Operations 
Research 
Scientist 

Operational 
Optimization-
Scheduling  

1-5 

R2 Operations 
Research 
Scientist 

1-5 

R3 Decision 
Science and 
Analytics 
Leader 

1-5 

China-1998 Retail 
supply 
chain 

R4 Algorithm 
Engineer 

Logistics and Supply 
Chain-Demand 
Forecasting  
 

1-5 

R5 Algorithm 
Engineer 

1-5 

R6 Algorithm 1-5 



 
 

 
 

Engineer 
UK-2000 Agri-food 

supply 
chain 

R7 Director of 
Planning 
and 
Analytics 

Operational 
Optimization-
Warehousing 

6-10 

R8 Senior Data 
Scientist  

Logistics and Supply 
Chain-Warehousing 

1-5 

R9 Data 
Scientist 
Team Lead 

Operational 
Optimization-Risk 
management 

6-10 

Denmark-
1976 

Global 
transport 
and 
logistics 

R10 Operations 
Research 
Scientist 

Logistics 
Manufacturing 
Services-Logistic 
and route 
optimization 

1-5 

R11 Operations 
Research 
Scientist 

Warehousing 
Optimization- 
Logistic and route 
optimization 

1-5 

R12 Solution 
Design 
Engineer 

Transport and 
Logistics-
Continuous 
improvement and 
optimization  

1-5 

 

4. Findings from the descriptive and thematic analysis 

This section offers an extensive overview of the temporal distribution, research 
methods, industry sectors, supply chain tasks, and AI techniques employed in the study. 
The subsequent thematic analysis endeavours to identify enablers and constraints with 
the integration of AI into supply chain management across the pre-development, 
deployment, and post-development phases.  

4.1 Descriptive analysis  

The descriptive analysis synthesizes our study findings and offers an overview of the 
current status of publications on AI supply chain enablers and constraints. Based on 
saturated data found in the systematic literature, including time distribution, 
methodology, industry sectors, supply chain tasks, and AI techniques. This section 
contains important information for future discussion in accordance with RQ1. 

To gain information about the AI supply chain research across time, we analyzed the 
trend in publication dates. Figure 1 illustrates the distribution of journal papers across 
the review period, revealing that all papers were published between 1989 and 2023. In 
particular, there has been a growing interest in AI in the supply chain, as evidenced by 
the fact that 78% of the articles were published after 2019. 

 



 
 

 
 

 

Figure 1. Distribution of articles over time (until April 2023). 

Figure 2 depicts the study methodologies used to investigate the enablers and 
constraints of AI integration in the supply chain. The methods found were case study, 
review, survey, modeling, experiment, and simulation.  

 

Figure 2. Distribution of research methods. 

When categorizing research methods, the purpose of this section was to present a list 
of standard and comparable methodologies. To cluster similar methods and distinguish 
them from others, we conducted a detailed analysis of the research methodology part. 
For example, some authors refer their method as an unstructured and a semi-structured 
interview. In this instance, a standardized category ‘interview’ has been assigned. A 
comparable issue is provided in the ‘survey' category, which includes research 
methodologies such as open-ended and closed-ended questionnaires. Furthermore, the 
‘modeling’ category gathers papers that use the mathematical framework to understand 
the dynamics of a system to predict future outcomes, such as linear programming, 
discrete mathematics, game models and statistical models. The ‘literature review’ 
category collects papers taking advantage of published literature to carry out their 
research, systematic literature review and bibliometric analysis are two representatives.  

The findings indicate that the primary research methodologies carried out, when 
investing the AI in supply chain are review, modeling, survey, and case study account 
for 96% of the frequency. As an illustration, Wu and Barnes (2014) applied a fuzzy 
intelligent mathematical modeling approach in their investigation of partner selection 
within an agile supply chain context. The dynamic capability of AI in supply chain has 
been subject to scrutiny through the implementation of a systematic literature review 
(Dhamija and Bag 2020; Toorajipour et al. 2021; Riahi et al. 2021), which can be delved 
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into multiple industries, such as fashion (Mohiuddin Babu et al. 2022), retail (Cai and 
Lo 2020), and agri-food (Kumar et al. 2021). A survey has been utilized to gather in-
depth AI insights from a predefined group of supply chain experts (Cadden et al. 2021), 
while a case study has been widely implemented to explore the application of AI in 
real-word scenarios (Ajwani-Ramchandani et al. 2021). It is worth noting that scholars 
adopt hybrid research approaches rather than relying solely on individual research 
methods, for instance, the case study and simulation have been collaboratively 
implemented to evaluate the effectiveness of a proposed system (Jin and Ma 2018).  

 

 

Figure 3. The distribution of supply chain industries.  

The integration of AI in various supply chain industries has gained significant interest, 
with the outcomes of seven main sectors presented in Figure 3, namely agri-food, 
manufacturing, energy, healthcare, retail, fashion, and construction. Agri-food (30%) 
and manufacturing (28%) are two mostly represented industries, due to the intricate 
processes, ranging from production to quality control, which can be optimized through 
the integration of AI solutions. Energy (18%) and healthcare (10%) stand out as the 
second and third most common areas where AI has been implemented, driven by the 
sustainability focus on optimizing resource utilization, reducing carbon emissions, and 
improving supply chain resilience. Remaining emerging industries including retail, 
fashion, and construction share 8%, 4%, and 1%.  

Supply chain comprises a diverse array of tasks that entail various operational and 
strategic activities, as shown in Figure 4. In this regard, the present study recognizes 
several publications that leverage AI to improve subtasks including supplier selection 
(Wu and Barnes 2014), procurement (Guida et al. 2023), warehousing (Mahroof 2019), 
production planning (Dohale et al. 2022), demand planning (Khosrowabadi, Hoberg, 
and Imdahl 2022) and logistics (Govindan et al. 2022).  
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Figure 4. The distribution of supply chain subtasks.  

Upon classification of the AI techniques employed in the literature under study, 
noteworthy algorithms that have garnered considerable attention include artificial 
neural networks (ANN), evolutionary algorithms (EA), multi-agent systems (MAS), 
heuristics algorithms (HA), swarm intelligence (SI), decision support systems (DDS), 
and fuzzy logic (FL). Notably, various publications have implemented a collaborative 
approach by utilizing multiple algorithms simultaneously; for instance, ANN has been 
applied to manage supplier relationships (Choy et al. 2004); SI and FL have been 
integrated to plan the process and schedule the production (Zhao et al. 2010); FL and 
MAS have been applied to build supply chain resilience (Belhadi et al. 2021). The 
predominant portion of the published literature, a total of 82%, did not prioritize the 
scrutiny of particular AI techniques. This pattern can be attributed to the inherent 
characteristics of methodologies, particularly in the context of literature review. Instead, 
the concentration of such literature inclined towards the exploration of general AI. 
Figure 5 illustrates the significant AI algorithms utilized in the literature, as well as a 
small proportion of expert system (ES), natural language processing (NLP), data 
mining (DM), decision tree (DT), case-based reasoning (CBR), random forest (RF), 
Bayesian networks (BN) and long short-term memory (LSTM). 

 
Figure 5. The distribution of AI techniques.  

4.2 Thematic analysis  

To answer the RQ2, this section focused on integrating common codes related to 
enablers and constraints to the pre-development, development, and post-development 
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codes, thematic analysis is one of the most accessible, flexible, and popular methods in 
conducting qualitative research. In line with the established practice of qualitative 
research, this study employed a three-stage coding process to facilitate the identification 
of themes, namely open, axial and selective coding (Williams and Moser 2019). For 
instance, customer demand-driven and competition-driven were identified as two 
external enablers playing in the pre-development stage. Both factors were individually 
labeled and stored in the open coding list, then merged to the axial coding stage as 
external enablers. Finally, considering the concept and repetition, these factors were 
further merged into a broader level, named Environment.  This method was performed 
consecutively over the whole database of journal publications chosen, yielding a large 
list of open and axial coding associated with enablers and constraints, finally grouped 
into the TOE for selective coding purpose. It is worth noticing that the number of 
authors mentioned both enablers and constraints in one publication, which have been 
separated based on the respective stages in current research. Tables 4-6 show the coding 
process for enablers, whereas Tables 7-9 display the constraints, in terms of pre-
development, deployment and post-development respectively.  

Table 4. Pre-development enablers for AI in supply chain. 

Selective 
coding  

Axial coding Open coding  Reference (see supplemental 
appendix for bibliographic details) 

T Technical 
benefit 

Perceived 
benefits 

[1,3,4,7,8,13,14,16,17,21-27,31,33-
39,41,44,45,47,49-51,58-60,62-69, 
71-73,75,78,80,81,83,90,92,94,100, 
102,104,106-109,111,114,117,122, 
123,124,126-130,131,132,133,137-
143,146-152,155,157,159,161,162, 
164-169,171,172,173,177-180,183, 
184,187,190-195,198,207,209,211, 
212,214,215,217-220,222-228,231-
234,237-239,242,244-249,253,254, 
256-259,261,265-267,271-273,276, 
279-281,282-289,291,294,296,297, 
300-304,306-311,313-320,324-326, 
329,331-337,339-341,347-350,352, 
353,355-358] 

O Organizational 
strategy and 
alignment 
support 

Strategy 
formulation 

[197,328] 

Leadership 
support 

Top 
management 
support 

[292] 

Behavioral and 
cultural 
support 

AI 
understanding 

[252] 

Resource 
support 

In-house 
expertise  

[46] 

IT [257] 



 
 

 
 

infrastructure  
E External 

enabler 
Environment 
protection 
driven 

[1,2,11,66,70,81,83, 
91,96,104,110,144,158,182,206,208
,213] 

Stakeholders 
buy-in  

[4,7,17,37,41,76,85,93,101,118,133,
178,217,221,270,290,291,343,344] 

Competition 
driven  

[6,82,98,233,256,271,284,290,299,3
04,305,327,328,348] 

Government 
incentives  

[11,48,241,257,272,332] 

Customer 
demand-driven 

[3,19,35,71,92,97,105,106,107,117,
153,170,178,210,233,237,238,290,2
99,304,312,313,324,328] 

External 
expertise 

[252] 

For pre-development enablers, six axial coding have been identified under the umbrella 
of TOE framework, namely technical benefit for T, organizational strategy and 
alignment support, leadership support, behavior and cultural support, and resource 
support for O, and external enabler for E.  

Table 5. Deployment enablers for AI in the supply chain. 

Selective 
coding 

Axial coding Open coding Reference (see 
supplemental appendix 
for bibliographic details) 

• O • Process 
support 

AI governance [293] 
Cross-sectors 
collaboration 

[57,185] 

Effective 
communication  

[277] 

Adequate training  [175] 
Stakeholder 
engagement 

[306] 

In the context of deployment enablers, a single axial coding has been explored in the 
organizational domain, known as process support. This coding category encompasses 
various factors, including AI governance, cross-sector collaboration, effective 
communication, sufficient training, and stakeholder management, all of which are 
crucial to promoting the deployment of AI. 

Table 6. Post-development enablers for AI in the supply chain. 

Selective 
coding 

Axial coding Open coding Reference (see 
supplemental appendix 
for bibliographic 
details) 

• O Performance 
evaluation  

AI review  [235,241] 
KPIs achievement  [56,236] 
Feedback [121] 

As the AI journey concludes, an axial coding named performance evaluation has been 



 
 

 
 

identified, which comprises of AI review, KPIs achievement, and feedback. 

Table 7. Pre-development constraints for AI in supply chain. 

Selective 
coding 

Axial coding Open coding Reference (see 
supplemental appendix 
for bibliographic details) 

T Technical constraint Data quality and 
availability 

[3,27,35,40,42,46,95,13
5,142,163,176,181,186,2
41,292,315,338] 

Explainable and 
responsible AI 

[2,118,182,191,263,292,
293,307,315,342,346,35
1,360,361] 

Ethic and trust [229,6,20,37,38,53,84,1
18,119,125,196,216,251,
252,255,268,269,275,27
7,280,282,321] 

Fairness and bias [54,84,235] 
Privacy and security  [6,10,15,18,19,28,29,54,

120,142,188,233,239,24
1,262,270,273,282,321] 

O Behavioral and cultural 
constraint 

Human acceptance [37,269,280,252,43,74,2
95] 

Domain knowledge [9,54,78,188,273,302,30
5] 

Organizational strategy 
and alignment 
constraint 

Unclear business 
goal 

[270,271] 

Leadership constraint Top management 
support 

[53,115,186,241,282,29
2] 

Resource constraint Funding constraint [8,188] 
Poor infrastructure  [6,15,23,30,46,135,233,

319] 
Lack of expertise [23,35,46,54,74,181,233

,252,273,279,319] 
E External constraint Technical standards 

and rules 
[54,134,142,186,302,33
4] 

Benchmark cases [61,233,319] 

In tandem with the identification of enablers, this study has also identified six similar 
axial coding for constraints during the pre-development phase. The divergence between 
these constraints and enablers lies in the open coding stage. The identified technical 
constraints include data quality and availability, explainable and responsible AI, AI 
ethics and trust, fairness and bias, and privacy and security concerns. The theme of 
behavioral and cultural constraints is an umbrella for human acceptance and domain 
knowledge. The unclear business goal and top management support have been 
classified into organizational strategy and alignment constraints and leadership 
constraints, respectively. Resource constraints, such as funding limitations, poor 
infrastructure, and lack of expertise, are covered under the theme of resource constraints. 
The theme of external constraints includes technical standards and rules and the lack of 



 
 

 
 

benchmark cases as factors that can hinder the integration of AI in the supply chain.  

Table 8. Deployment constraints for AI in supply chain. 

Selective 
coding 

Axial coding Open coding Reference (see supplemental 
appendix for bibliographic 
details) 

• O Process 
constraints 

Robustness and 
adaptiveness  

[136,270,12,48,260,327,359] 

Change management  [6,54,59,74,136,186] 
Insufficient 
communication 

[53,241,274,48,250] 

Insufficient training  [136,241,292,48] 
Insufficient 
collaboration 

[277,186,3,5,160,174,230,298] 

Stakeholder consensus [20,84,264,101,248] 

In the context of constraints to deployment, the single axial coding method has 
identified process constraints, which encompass various factors such as robustness, 
adaptiveness, change management, communication, training, collaboration, and 
stakeholder consensus. These factors play a crucial role in the successful deployment 
of AI in supply chain, and their absence or insufficiency can result in significant 
obstacles to the deployment process. 

Table 9. Post-development constraints for AI in the supply chain. 

Selective 
coding 

Axial coding Open coding Reference (see 
supplemental appendix for 
bibliographic details) 

O 
•   

Performance 
evaluation 

Accountability in AI [235] 
Governance framework [121,240,268,276,282, 

307,241,32,103] 
Copyright  [54,239] 

The constraints to post-development are centered around issues of accountability, 
governance frameworks, and copyright concerns, which fall under the overarching 
theme of performance evaluation. 

4.3 Empirical analysis  

4.3.1 Pre-development-technology for AI in supply chain 

Perceived benefits, especially those associated with time-saving, are crucial in 
promoting the use of AI in supply chain. As respondent R2 has noted, even partially 
complete AI solutions can result in substantial time savings. Moreover, the utility of AI 
extends to wider areas of logistics, supply chain, and in-store operations, as suggested 
by R7. In these domains, AI can optimize various processes, leading to significant 
efficiency gains. In specific areas like engine health and maintenance, the benefits of 
AI become even more apparent which can tackle complex issues such as predicting and 
identifying engine deterioration, bird strikes, and abnormal temperature fluctuations. 
The utilization of advanced AI techniques, such as Reinforcement Learning and 
Supervised Learning, enables accurate problem detection and resolution. These AI-
driven solutions surpass the capabilities of traditional human-led or simple regression-



 
 

 
 

based methods (R1), highlighting the remarkable benefits of AI integration within the 
supply chain sector. 

The quality and accessibility of data are crucial considerations in the pre-
development phase of AI in supply chain management, underpinning the efficacy and 
accuracy of the resultant AI solutions. Respondent R1 draws attention to constraints 
such as the absence of required data or the need for modification in rule sets to 
accommodate dynamic variables. Additionally, the integrity of outputs is heavily 
contingent upon the quality of input data, leading to a situation where flawed or 
insufficient data inevitably yields subpar results. Consequently, the importance of 
ensuring high-quality, readily available data cannot be overstated, as it forms the 
backbone of any successful AI deployment.  

The understandability or explainability of AI mechanisms represents a critical 
challenge in the supply chain context. According to R1 and R3, efforts are made to 
explain AI logic to stakeholders, often translating it into more accessible language. 
However, as R5 highlights, certain AI outcomes, such as unexpected increases in orders, 
remain difficult to explain due to "black box" nature of AI. Therefore, while 
explainability is pursued, it can pose a constraint due to the inherent complexity and 
opacity of some AI mechanisms. This highlights the importance of responsibility in AI 
application, as the unexplained outcomes could potentially lead to accountability issues. 

The issues of fairness, bias, ethics, and trust can pose significant challenges during 
the pre-development phase of AI in supply chain, as indicated by respondent R4. 
Balancing the accuracy of model with the generated business value necessitates careful 
consideration. Employing both percentage features and absolute quantity features may 
help balance the representation of large and small customers, reflecting a sense of 
fairness. However, inherent biases in data or the model can affect this balance, leading 
to skewed or unfair results that favor certain segments over others. These issues not 
only compromise the ethical standing of AI applications but also affect trust in these 
systems, as consistent biases may lead to stakeholders questioning the reliability and 
fairness of the system.  

The incorporation of AI into supply chain necessitates careful consideration of 
privacy and security constraints during the pre-development stage. The extensive data 
requirements inherent in AI systems inevitably evoke concerns regarding data privacy 
and the security of its storage and processing. Whether through unintentional leaks or 
deliberate misuse, the potential exploitation of such data underscores the importance of 
robust security measures. The imperative to uphold data privacy standards and 
regulations not only enhances stakeholder trust but is also an ethical prerequisite for AI 
deployment (R4&R7).  

4.3.2 Pre-development-organization  for AI in supply chain 

Strategy formulation is a crucial step in the pre-development stage of AI in supply chain 
management. According to respondent R7, the employment of a 'Machine Learning 
Canvas' framework facilitates a comprehensive examination of all pertinent factors 
prior to progressing significantly with the project. This methodical, strategy-oriented 
approach underscores the importance of formulating a comprehensive strategy before 
proceeding with the AI project. As per respondent R4, the process begins with defining 
the overall goal, which is followed by data collection, processing, and analysis, which 
lays the foundation for the subsequent development of algorithms and models. Once 



 
 

 
 

developed, these algorithms undergo debugging before the final review of the entire 
project. This structured, step-wise approach ensures a well-directed and effective AI 
solution, tailored to meet the overall goal of the company, thereby underlining the 
importance of a well-articulated strategy formulation. 

As respondent R10 points out, embracing AI requires a commitment from the top 
leadership to embrace and drive this change. It is necessary to have executives who can 
envision and spearhead these transformative initiatives. While a bottom-up approach 
might be challenging, a top-down approach ensures that AI considerations are 
incorporated into the main strategy. This clearly demonstrates the importance of having 
strong top management backing when considering AI in the pre-development stages. 

Grasping the intricacies of AI is a fundamental prerequisite to its successful 
incorporation within supply chain. As elucidated by Respondent R1, the prevalent 
anxieties related to job displacement due to the introduction of AI pose a notable 
constraint. Additionally, Respondent R8 emphasized the ongoing necessity for human 
intervention in AI-operated tasks, such as those involving supply chain forecasts and 
stock orders. Respondent R9 further contended that the understanding of AI, coupled 
with effective communication and meticulous documentation, are instrumental to 
properly defining the problem at hand and apprehending the constraints of AI 
deployment. Collectively, these perspectives underscore the pivotal role that 
comprehensive understanding of AI plays in effectively harnessing its capabilities 
within the realm of supply chain. 

As articulated by respondent R9, certain tasks, due to their inherent complexity or 
broad scope, may not be adequately addressed solely through comprehensive AI 
solutions. These scenarios necessitate the application of decision support techniques. 
Consequently, the presence of in-house expertise proves invaluable, as it facilitates a 
nuanced understanding and deployment of AI solutions, while also enabling the usage 
of supplementary techniques when AI falls short.  

A robust IT infrastructure is a fundamental requirement for the successful 
incorporation of AI within supply chain. Respondent R9 and R10 paint a vivid picture 
of the diverse spectrum of AI techniques in use, spanning from linear regression to deep 
neural networks. These methods find utility across a wide range of applications, 
including standard e-commerce functionalities like recommendations and demand 
forecasting, as well as more specialized areas like computer vision and natural language 
processing. This diverse utilization of AI technologies underlines the necessity for a 
well-equipped IT infrastructure, capable of supporting the smooth operation of these 
varied AI tools and methodologies. Not only does such an infrastructure facilitate 
seamless integration of AI technologies into existing systems, but it also strengthens 
decision-making capacities and enhances overall operational efficiency. Hence, a solid 
IT infrastructure emerges as a critical enabling factor in unlocking the full potential of 
AI within supply chain.  

AI projects in this domain require substantial financial resources, particularly in the 
early stages, which encompass data acquisition and processing, algorithm development 
and customization, computational infrastructure procurement and maintenance, and 
hiring skilled personnel with expertise in AI and machine learning. Additionally, the 
iterative nature of AI projects necessitates continuous investment to accommodate 
updates and improvements, further contributing to the financial burden. The long-term 
return on investment may be uncertain, and the tangible benefits might not be 



 
 

 
 

immediately evident, leading to hesitancy in allocating adequate funding. Furthermore, 
unanticipated obstacles such as technical difficulties, regulatory challenges, or project 
timeline delays can escalate costs beyond initial estimates, underscoring the need for 
consistent and sufficient funding to successfully initiate and sustain AI projects in 
supply chain (R7 & R9). 

4.3.2 Pre-development-environment for AI in supply chain  

In the context of AI in supply chain, there are various external incentives recognized in 
the pre-development stages. Customers increasingly expect efficient and personalized 
experiences in their interactions with businesses where AI-powered algorithms can 
analyze customer data to provide personalized recommendations, forecast demand 
patterns, and optimize inventory management, leading to better customer satisfaction 
and retention. By leveraging AI to align with customer demands, businesses can gain a 
competitive edge in the market and enhance their overall customer experience (R6 & 
R10). Environment protection is another crucial enabler for embracing AI in the last 
mile delivery of goods, particularly in addressing CO2 emissions. The last mile delivery 
stage is known for its significant environmental impact due to factors such as inefficient 
routing, multiple stops, and high vehicle emissions. AI-powered algorithms can 
consider various factors like traffic patterns, weather conditions, and real-time data to 
determine the most efficient routes for delivery vehicles, resulting in reduced carbon 
footprint. Additionally, AI facilitate the adoption of alternative delivery methods such 
as electric vehicles or drones, further lowering CO2 emissions and promoting 
sustainability in the last mile delivery process (R10). Governments worldwide are 
increasingly recognizing the importance of sustainable practices and are implementing 
policies and incentives to encourage businesses to reduce their carbon footprint and 
embrace environmentally friendly solutions. In the case of last mile delivery, 
governments offer incentives such as tax credits, subsidies, or grants to organizations 
that implement AI technologies to optimize their logistics and reduce CO2 emissions. 
These incentives can help offset the initial costs associated with embracing AI systems 
and encourage businesses to adopt sustainable practices (R11). By obtaining the support 
and agreement of various stakeholders, organizations can maximize the positive effects 
of embracing AI while minimizing any potential negative impacts. Achieving 
stakeholder buy-in requires a thorough understanding of the metrics within the system, 
enabling rational tradeoffs and configurability options that allow clients to make 
informed decisions (R10). Another external incentive is competition-driven, 
particularly evident in high-competitive industries like airlines. Airlines regularly 
compare their KPIs to benchmark their performance against each other on a monthly 
basis. This competitive benchmarking pushes organizations to continuously improve 
their operational efficiency and effectiveness through AI integration (R2). Furthermore, 
collaborating with external experts and leveraging their knowledge and experience can 
significantly contribute to the successful AI initiatives (R11 & R12). 

Technical standards and rules can pose constraints in the pre-development stages of 
AI for several reasons. Firstly, the absence or ambiguity of established standards can 
lead to uncertainty and inefficiency in AI development. Without clear technical 
standards, different AI systems may have incompatible designs, making it challenging 
to integrate or exchange data and algorithms effectively (R1). Moreover, compliance 
with rules and regulations is essential to ensure ethical and responsible AI development. 
However, the rapidly evolving nature of AI technology often surpasses existing legal 
frameworks, creating uncertainties around issues like privacy, data protection, and bias 



 
 

 
 

mitigation (R5). Adhering to these rules requires careful consideration and compliance 
measures, which can add complexity and constraints during the pre-development stages. 
Furthermore, technical standards and rules can limit the availability and accessibility of 
certain data sources. Data, particularly in sensitive domains, may be subject to 
regulations or restricted access due to privacy concerns. These limitations can hinder 
data acquisition efforts, impacting the quality and diversity of datasets available for AI 
deployment (R6). 

4.3.2 Deployment-organization for AI in the supply chain 

Robustness and adaptiveness can pose challenges as AI systems need to handle real-
world complexities and stochasticity. Building models that can effectively account for 
these complexities and produce reliable results can be a complex task (R2). Additionally, 
the need for continuous adaptation and improvement of AI models to evolving business 
requirements and environmental factors can require ongoing adjustments and 
refinements (R1). Change management is another constraint that arises when 
implementing AI systems. Organizations need to navigate the process of transitioning 
from traditional methods to AI-driven solutions. This involves managing resistance to 
change, addressing concerns, and ensuring smooth integration of AI into existing 
workflows and processes (R11). Insufficient communication can hinder AI 
development as effective communication channels and collaboration are essential for 
successful deployment. Inadequate communication between stakeholders, such as 
technical teams, management, and end-users, can lead to misunderstandings, delays, 
and difficulties in aligning expectations and requirements (R12). Insufficient training 
poses a constraint as AI systems require a skilled workforce to develop, deploy, and 
maintain them. Insufficient training in AI and related technologies can limit the 
organization's ability to effectively leverage AI and achieve desired outcomes (R9). 
Insufficient collaboration among different teams or departments can impede AI 
development. Collaboration is necessary to bring together domain expertise, data 
science capabilities, and operational knowledge for developing effective AI solutions 
(R2). Stakeholder consensus and engagement are vital for AI development. Lack of 
consensus and engagement can lead to resistance, limited adoption, and challenges in 
achieving desired outcomes (R5 & R6). 

4.3.3 Post-development-organization  for AI in the supply chain 

AI review and feedback mechanisms enable continuous improvement and refinement 
of AI models and systems. By analyzing bad cases and understanding why a model does 
not perform well, organizations can identify areas for enhancement and make necessary 
adjustments (R6 & R8). This process of attribution allows for targeted improvements 
to be made, addressing specific weaknesses or limitations in the AI system. The 
feedback loop created through AI review and feedback mechanisms enables 
organizations to iterate on their models and simulations, making iterative improvements 
over time. This iterative process leads to enhanced performance, increased accuracy, 
and better alignment with the intended goals and objectives of the AI system. During 
the post-development stage, organizations evaluate the performance of model against 
the identified KPIs to determine its effectiveness (R10, R5, R6). These KPIs serve as 
benchmarks for measuring the success of model in achieving the desired outcomes, 
whether it is improved operational efficiency, enhanced customer satisfaction, or cost 
savings. By quantifying the impact of AI using KPIs, organizations can assess the 
tangible value and benefits that the AI tool brings to their business (R1). Both online 



 
 

 
 

and offline, key metrics are monitored to gauge the model's performance and drive 
improvements (R8 & R9). By analyzing the KPIs and key metrics, organizations can 
identify potential bottlenecks, inefficiencies, or opportunities for further enhancement, 
enabling continuous iteration and improvement of the AI models and systems. 
Establishing governance frameworks to verify feasibility, ethics, and legality, as well 
as addressing issues of bias and transparency, requires additional resources and efforts 
(R9 & R11). Copyright considerations also arise, necessitating careful evaluation and 
adherence to legal and contractual obligations (R11). However, these processes require 
dedicated resources, expertise, and a commitment to transparency and accountability. 
Managing these constraints effectively is essential for responsible and ethical AI 
deployment in the post-development stage. 

5. Discussion  

Table 10 displays the themes in the order in which they appeared throughout the axial 
thematic analysis. The quantification of the relative importance or prevalence of each 
theme, as illustrated in the analysis, is computed based on the frequency of their 
appearance throughout the collected research data. To exemplify this, consider the 
theme 'technical benefits' with a weightage of 68.6%. The derivation of this weightage 
is a two-tier process: initially, a frequency count is executed where every instance of 
the theme 'technical benefits' found in the data is noted. Subsequently, this count is 
normalized to convert it into a proportion of the total instances of all themes. The 
'technical benefits' was identified 248 times amidst a total theme instance count of 361 
papers, therefore the overall frequency is 68.6%. The same process is administered to 
all themes, transforming raw frequency counts into normalized weights indicative of 
each relative prevalence. Based on the findings of the pre-development stage, the 
themes of technical benefits and technical constraints represent 68.6% and 44.8% 
respectively, followed by external enablers and resource constraints accounting for 26% 
and 12.6% respectively. While leadership, behavioral and cultural support, 
organizational strategy and alignment are considered the least important factors. The 
significance of process constraints outweighs that of process support during the stage 
of AI deployment, with the same pattern found in the post-development stage for 
performance evaluation.  

Table 10. Frequency analysis.  

 Enablers Frequency  Constraints  Frequency  
Pre-development 
 

Technical 
benefit 

68.6% Technical 
constraint 

44.8% 

Organizational 
strategy and 
alignment 
support 

0.64% Organizational 
strategy and 
alignment 
constraint 

1.2% 

Leadership 
support 

0.32% Leadership 
constraint 

3.6% 

Behavioral 
and cultural 
support 

0.32% Behavioral and 
cultural 
constraint 

4.2% 

Resource 
support 

0.64% Resource 
constraint 

12.6% 

External 26% External 5.4% 



 
 

 
 

enablers constraint  
Deployment Process 

support 
1.9% Process 

constraint 
21% 

Post-development  
 

Performance 
evaluation 

1.6% Performance 
evaluation 

7.2% 

An empirical analysis of AI enablers and constraints across different industries is 
illustrated in Table 11. Understanding AI, strategy formulation, privacy, and security 
are prevalent enablers during the pre-development phase across the Airline, Retail, and 
Agri-food Supply Chains, reflecting a universal emphasis on foundational knowledge, 
strategic planning, and stakeholder safeguards. The emphasis in the Airline Supply 
Chain on cross-sector collaboration and robust AI systems reflects the necessity for 
inter-industry knowledge sharing and adaptable technology in response to dynamic 
market conditions. In Retail and Agri-food sectors, the focus on stakeholder 
engagement emphasizes their consumer-oriented approach and the crucial role of 
comprehensive feedback for effective AI deployment. The Agri-food sector further 
highlights the constraint of insufficient training, indicating a potential skill gap that 
necessitates capacity development. Lastly, the Global Transport and Logistics sector 
underscores effective change management and clear communication, demonstrating the 
complex dynamics within this sector and the importance of structured strategies and 
clear communication channels when navigating AI-induced changes. Post-development, 
the frequent focus on KPIs underscores a collective, results-oriented perspective. 
Despite these shared elements, unique enablers, and constraints surface. For example, 
competition and data quality are critical in the Airline Supply Chain, reflecting its 
competitive, data-intensive nature, whereas the Retail Supply Chain uniquely 
prioritizes bias and ethical considerations, aligning with its customer-centric model. 
The Agri-food Supply Chain displays distinct constraints such as funding and in-house 
expertise, denoting potential resource challenges in the sector. The Global Transport 
and Logistics sector, on the other hand, illustrates a comprehensive approach to AI pre-
development, emphasizing management support, environmental considerations, and 
government incentives during pre-development, and focusing on change management 
and governance post-deployment. 

Table 11. Empirical analysis. 

Industry Code Pre-development Deployment Post-
developent 

Airline 
supply 
chain 

R1  Perceived benefits 
AI understanding 
Competition driven 
Data quality and availability 
Explainable and responsible 
AI 
Technical standards and 
rules 

 KPIs 

R2 Perceived benefits 
Benchmark cases 

Cross-sectors 
collaboration 
Robustness and 
adaptiveness 

 

R3 Explainable and responsible 
AI 

  



 
 

 
 

Retail 
supply 
chain 

R4 Strategy formulation 
Ethic and trust 
Fairness and bias 
Privacy and security 

Stakeholder 
engagement 

 

R5 Explainable and responsible 
AI 
Technical standards and 
rules 

Stakeholder 
engagement 

KPIs 

R6 Customer demand-driven  KPIs 
AI review 

Agri-food 
supply 
chain 

R7 Perceived benefits 
Strategy formulation 
Privacy and security 
Funding constraint 

Stakeholder 
enagagment 

 

R8 AI understanding  KPIs 
AI review 

R9 AI understanding 
In-house expertise 
IT infrastructure 
Funding constraint 

Insufficient 
training 

KPIs 
Governance 
framework 

Global 
transport 
and 
logistics 

R10 Top management support 
Environment protection 
driven 
IT infrastructure 
Stakeholders buy-in 
Government incentives 

 KPIs 
 

R11 Government incentives 
External expertise 

Change 
management 

Copyright 
Governance 
framework 

R12 External expertise Insufficient 
communication 

Accountability 
in AI 

5.1 Pre-development  

5.1.1. Technical benefit and constraint 

The decisive factor that shapes the decision of supply chain towards integrating AI is 
primarily the technical benefit which has been characterized by the capabilities of AI, 
including the ability to manage large volumes of data with exceptional speed and the 
capacity to withstand external uncertainties. The need for sustainability in a closed-loop 
supply chain has catalyzed the pre-development of AI, which provides robust 
optimization capabilities across various supply chain functions, including supplier 
selection (Ebinger and Omondi 2020), procurement (Barrad, Gagnon, and Valverde 
2020; Guida et al. 2023), warehousing (Lorson, Fügener, and Hübner 2022; Drakaki 
and Tzionas 2016), production (Busato et al. 2019; Ghahramani et al. 2020), demand 
planning (Nikolopoulos, Babai, and Bozos 2016), and logistics (Bathla et al. 2022; 
Kovalishin et al. 2023). The supplier selection process is a pivotal aspect, as it directly 
impacts the quality of inputs and, consequently, the final products or services (Shore 
and Venkatachalam 2003). Traditionally, subjective evaluations such as supplier 
reputation and personal relationships have been relied upon to make supplier selection 
decisions. However, the emergence of AI has ushered in a more data-driven and 



 
 

 
 

objective approach. Various AI techniques are now utilized to analyze diverse data 
sources, encompassing performance data and external sources like news and social 
media feeds. Ultimately, AI-enabled early identification of potential suppliers 
exhibiting signs of supply chain disruptions or ethical concerns and continuous 
monitoring throughout the collaboration process is essential . In a parallel manner, the 
procurement process is undergoing substantial transformation, focusing on enhancing 
supply chain transparency and enabling the automation and streamlining of 
procurement activities, thereby facilitating more efficient, and sustainable procurement 
practices (Nissen and Sengupta 2006). Furthermore, significant benefits in warehousing 
and production lie in the ability to automate and optimize inventory management (Dev 
et al. 2016), accurately forecast production schedules (Flores and Villalobos 2020) 
delivery times (Menchaca-Méndez et al. 2022), prevent overstocking (Sinha, Zhang, 
and Tiwari 2012), and reduce waste (Yang, Feng, and Whinston 2022), which reduces 
errors and outperforms traditional human labor methods. To respond promptly to 
changes in consumer demand or supply chain disruptions, the need for AI in demand 
planning and forecasting has drawn great attention (Simchi-Levi and Wu 2018), with 
the analysis of consumer behavior, market trends and sales history, thus reducing the 
risk of stockouts and increasing customer satisfaction. One of the central tenets of I4.0 
is to foster sustainability across logistics, by harnessing the power of AI for real-time 
analysis (Alsudani et al. 2023). In particular, the AI-enabled analysis facilitates the 
identification of optimal transportation routes that are both efficient and economical, 
regardless of the mode of transportation, be it land, air, or sea, with the overarching 
objective of curbing fuel consumption and mitigating carbon emissions, thereby 
amplifying sustainability and profitability (Giuffrida et al. 2022). 

Nevertheless, technical constraints have impeded AI in the pre-development stage. 
The availability of data forms the bedrock of AI integration (Mohiuddin Babu et al. 
2022; Govindan 2022), as the lack of access or restricted availability of data may 
constraint the optimal functioning of AI systems, thereby hindering their widespread 
integration. Ethical principles that promote fairness and prevent discrimination should 
be implemented to address the potential for bias, which may arise when AI systems are 
trained on biased or incomplete data, leading to prejudicial decision-making (Manning 
et al. 2023; Seo, Lee, and Jeon 2022; Sanders et al. 2019). Organizations are obligated 
to take steps to design an unbiased model with a maximized group effort, taking into 
account diversity and inclusivity. Additionally, the use of AI to process data raises 
privacy concerns, since it may involve the processing of sensitive information without 
explicit consent (Aliahmadi and Nozari 2022; Dora et al. 2021; Nayal et al. 2021). 
Additionally, the increased usage of AI systems also heightens the risks of cyber-attacks 
and data breaches, which may cause significant financial losses and reputational 
damage. Thus, organizations should ensure that their AI systems incorporate robust 
privacy and security measures to protect sensitive data. Explainable and responsible AI 
systems are crucial nowadays as they allow transparent and understandable decision-
making processes, which play an important role in business-to-business operation mode 
(Senoner, Netland, and Feuerriegel 2022; Lehmann et al. 2022).  

5.1.2. Organizational strategy and alignment support and constraint 

In supply chain organizations, strategy formulation is a crucial process that aims to 
maximize the benefits of AI systems in operational, tactical, and strategic decision-
making (Sodhi et al. 2022). A well-defined strategy not only helps identify the key areas 
where AI can have the most significant impact, but also ensures that AI is aligned with 



 
 

 
 

broader goals and objectives (Abdulkader, Gajpal, and ElMekkawy 2018). However, 
focusing on short-term profits rather than sustainable long-term development goals can 
constraint AI in the supply chain (Zhou, Awasthi, and Stal-Le Cardinal 2021; Hopkins 
2021). Moreover, a lack of alignment between different departments and stakeholders 
can lead to a lack of consensus on the importance of AI and the best approach to 
deploying it (Bodendorf et al. 2021).  

5.1.3. Leadership support and constraint  

The level of support provided by top management can significantly influence the 
integration of AI systems in the supply chain, serving either as an enabler or a constraint 
(Wang, Skeete, and Owusu 2022). Strong top management support can foster a culture 
of innovation and inspire employees to embrace novel technologies, facilitating AI 
integration. On the contrary, lack of top management support can constraint integration 
and lead the company to fall behind competitors that have already integrated AI systems. 
In the absence of top management support, employees may not perceive the value of 
AI systems, and efforts may not receive sufficient resources and attention (Dora et al. 
2021; Mahroof 2019; Shrivastav 2022). 

5.1.4. Behavioral and cultural support and constraint 

The acceptance or resistance of employees towards AI in the supply chain is influenced 
by human behavior and cultural factors, which are crucial determinants of the level of 
support or resistance towards AI (Klumpp and Ruiner 2022). The perception of AI 
systems as a threat to job security can create resistance to change among employees 
which arises from a lack of domain knowledge about AI systems or fear of being 
replaced by automation (Gupta et al. 2021; Li and Epureanu 2020). Undoubtedly, AI 
systems require a deep understanding of the industry and specific supply chain 
processes to provide valuable insights, the absence of this knowledge adversely results 
in the ineffective performance of AI systems, constraint the overall success of AI. 

5.1.5. Resource support and constraint 

Organizations equipped with in-house expertise can develop bespoke AI systems, 
optimized for their specific supply chain processes, and glean valuable insights into 
customer behavior and demand patterns (Deif and Vivek 2022; Pillai et al. 2022). The 
high costs associated with AI can pose a significant constraint for supply chain 
practitioners, which include not only hardware and software expenses but also expenses 
for the necessary expertise to develop and manage AI initiatives (Ahmed et al. 2022; 
Singh et al. 2023). The lack of internal expertise in AI can have significant implications 
for the early evaluation of AI projects, potentially resulting in suboptimal feasibility 
and potential impact assessments. Organizations that lack the necessary knowledge and 
skills may find it challenging to properly evaluate AI initiatives, leading to unrealistic 
expectations, improper deployment, or even project abandonment (Bag and Pretorius 
2022; Budak and Sarvari 2021; Sharma et al. 2021). Similarly, the lack of a well-
established infrastructure will adversely affect the integration of AI with other 
technologies under the umbrella of I4.0 (Ahmad et al. 2021; Belgaum et al. 2021).  

5.1.6. External enablers and constraint 

The integration of AI in the supply chain is influenced by a range of external factors, 
including environment protection (Giuffrida et al. 2022; Hemming et al. 2020; Hu and 
Bidanda 2009; Kar, Choudhary, and Singh 2022; Kovalishin et al. 2023), stakeholder 



 
 

 
 

buy-in (Vilas-Boas, Rodrigues, and Alberti 2023; Cisneros-Cabrera et al. 2021; 
Alsudani et al. 2023), customer demand (Arji et al. 2023; González Perea, Camacho 
Poyato, and Rodríguez Díaz 2021), competition (Kumar et al. 2023; Priore et al. 2019), 
government incentives (Chopra, Sodhi, and Lücker 2021), and external expertise 
(Dwivedi et al. 2021). In particular, the growing emphasis on environmental 
sustainability has highlighted the importance of adopting greener and more efficient 
supply chain processes, which can be achieved through the use of AI to optimize 
operations and minimize carbon footprint (Kar, Choudhary, and Singh 2022; Lenny 
Koh et al. 2013). The COVID-19 pandemic has further underscored the need for a 
sustainable and resilient supply chain, as demanded by stakeholders such as suppliers 
and customers (Ahmed et al. 2023; Arji et al. 2023; Modgil, Singh, and Hannibal 2021). 
In a competitive supply chain market, AI has been seen as a breakthrough to overcome 
the pressure to improve supply chain efficiency, reduce costs and provide better 
customer service to remain competitive in the market. Governments can also 
incentivize the AI in the supply chain by offering tax breaks and grants to organizations 
that embrace sustainable practices (Govindan 2022; Pillai et al. 2022; Ferreira and 
Borenstein 2011). Furthermore, external expertise from consulting firms and 
technology providers can complement the internal expertise of organizations. 

Clear technical standards  and benchmark cases are essential for the successful AI 
solutions in the supply chain, providing guidelines on how to effectively use and 
integrate these systems with existing technologies. A lack of such standards can result 
in vendor lock-in, limiting the availability of AI solutions and hindering opportunities 
for innovation and optimization (Lu et al. 2019). Without appropriate standards and 
benchmark cases, industries that have low trial and error costs, such as airlines and 
pharmaceuticals, may face significant risks associated with accidents and errors that 
could harm people and the environment (Ganesh and Xu 2022). 

5.2 Deployment  

5.2.1. Process support and constraint 

Successful deployment of AI in the supply chain depends on a number of supportive 
factors, including AI governance (Wang, Skeete, and Owusu 2022), cross-sector 
collaboration (Shrivastav 2022), effective communication (Govindan 2022), adequate 
training (Wang, Skeete, and Owusu 2022), and stakeholder engagement (Dubey et al. 
2021; Modgil, Singh, and Hannibal 2021). Proper AI governance is necessary to ensure 
ethical and safe deployment, while also identifying and mitigating potential risks. 
Effective communication and collaboration between different sectors of the supply 
chain facilitate knowledge sharing and address interoperability issues for successful 
deployment. Providing adequate training to the organization is essential to ensure that 
AI solutions are used to their full potential with appropriate model selection and 
continuous performance monitoring. Finally, stakeholder engagement throughout the 
deployment process plays a crucial role in increasing trust and supporting the successful 
deployment of AI solutions. Taking into account these factors will enable the 
responsible and effective deployment of AI in the supply chain. The deployment stage 
of AI in the supply chain presents constraints related to change management that is 
crucial to preparing employees (Ahmed et al. 2023), adapting AI changes (Guida et al. 
2023); and robustness and adaptiveness (Li and Epureanu 2020), which can lead to 
errors, wasted resources, and missed opportunities if not well-addressed.  

5.3 Post-development  



 
 

 
 

5.3.1. Performance evaluation 

In the realm of AI post-development in the supply chain, certain enablers and 
constraints must be considered. Enablers include regular AI reviews including KPIs 
achievement (Ponte et al. 2017), and feedback (Meena et al. 2021). Regular reviews of 
AI solutions are essential to update parameters based on market changes and ensure 
effective functioning. KPIs achievement, particularly through AI-driven solutions, 
helps ensure alignment with supply chain goals and ultimately contributes to success. 
Stakeholder feedback, including from end-users and vendors (Wamba et al. 2022), is 
crucial to identifying areas for improvement and ensuring engagement and trust. On the 
other hand, constraints to AI post-development in the supply chain involve issues of 
copyright (Wang, Skeete, and Owusu 2022), governance (Sharma et al. 2023), and 
accountability (Kuziemski and Misuraca 2020; Rodríguez-Espíndola et al. 2020; 
Manning et al. 2022). With the large amounts of data required to train AI models, 
copyrighted data poses a potential legal dispute if used without permission. This is 
particularly challenging in the supply chain, where data is often shared between 
multiple stakeholders. Additionally, a lack of clear governance framework for AI and 
responsible issues can lead to reluctance and mistrust among stakeholders. 

5.4 Dimension relationship 

 
Figure 6. Renewed TOE conceptual model. 

This research aimed to analyze the weights assigned to enablers and constraints across 
the pre-development, deployment, and post-development stages to gain insights into 
the AI supply chain journey (refer to Table 10). The analysis revealed a distinct ranking 
of constraints in each stage. In the pre-development stage, the following constraints 
were identified in order of importance: technical constraints, resource constraints, 
external constraints, behavioral and cultural constraints, leadership constraints, and 
organizational strategy and alignment constraints. Technical constraints arise from 
limitations in the required technological infrastructure and capabilities for AI 
integration, while resource constraints result from limitations in budget, workforce, or 
necessary equipment. External constraints stem from factors beyond the internal control, 
such as regulatory or legal restrictions. Behavioral and cultural constraints relate to 
challenges in aligning employee behavior and cultural norms with AI adoption, whereas 
leadership constraints emerge when there are limitations in leadership vision, support, 



 
 

 
 

and commitment towards AI integration. Organizational strategy and alignment 
constraints occur due to difficulties in aligning AI initiatives with the overall 
organizational strategy and goals. Transitioning to the deployment and post-
development stages, two primary constraints emerged. Process constraints involve 
challenges in redesigning or adapting existing processes to effectively accommodate AI 
technologies. Performance evaluation constraints encompass difficulties in accurately 
assessing and measuring the performance and impact of AI integration. The findings 
underscore the importance of prioritizing constraints and transforming them into 
enablers for successful AI journey (Figure 6). Prioritizing constraints requires 
recognizing their significance and allocating appropriate resources, attention, and 
efforts. By addressing and overcoming the identified constraints, organizations can 
unlock the potential of AI. Transforming constraints into enablers necessitates 
implementing necessary changes such as updating technical capabilities, allocating 
adequate resources, fostering a supportive organizational culture, providing strong 
leadership, and aligning AI initiatives with the overall organizational strategies. Within 
the context of AI in the supply chain, it is worth noting that one control factor falls 
under the organization dimension, specifically the industry type. Further empirical 
analysis specific to different industries is required to gain a deeper understanding of its 
implications. Our initial proposition is based on these observations. 

Proposition 1: Addressing technological, organizational, and environmental 
constraints is necessary to achieve a certain level of satisfaction and facilitate the 
transformation of constraints into enablers that promote the embracing of AI across the 
pre-development, deployment, and post-development stages. 

In the pre-development stage of AI integration, it is crucial to prioritize addressing 
technical constraints, which serve as the foundation for the awareness of technical 
benefits. These constraints include ensuring data quality and availability, developing 
explainable and responsible AI, promoting ethics and trust, addressing issues of fairness 
and bias, and protecting privacy and security. Establishing adequate infrastructure and 
funding resources is considered the second priority constraint to be addressed, followed 
by the constraints posed by the absence of technical standards, rules, and benchmark 
cases. In addition, behavioral and cultural, leadership and organizational strategy and 
alignment constraints must be transformed into enablers through the incorporation of 
well-established human knowledge, well-aligned top management support, and well-
structured business goals that facilitate the integration of AI. From that point of view, 
we derive the following proposition: 

Proposition 2: During the pre-development stage, technical constraints have been 
identified as the most significant impediments that hinder the AI in the supply chain, 
followed by constraints related to resources, external factors, behavior and culture, 
leadership, organizational strategy, and alignment. To facilitate the deployment of AI in 
the supply chain, organizations need to harness the power of both technology and 
organizational resources to transform these constraints into enablers. 

During the deployment stage of AI, internal organizational constraints arise, 
particularly with regards to open coding in AI robustness and adaptiveness, change 
management, insufficient communication, training, collaboration, and stakeholder 
consensus. Although technical constraints hold a greater proportion of influence, these 
aforementioned process constraints significantly impact the effectiveness and 
efficiency of AI integration in the supply chain, thereby serving as determinants of 



 
 

 
 

added value. This leads to the following proposition. 

Proposition 3: Organizations must prioritize addressing process constraints in the 
deployment stage to ensure the effectiveness and efficiency of the system and maximize 
added value. 

Notably, the performance evaluation stage in the post-development phase was found to 
be a less relevant constraint and enabler in either constraint or promoting the AI journey. 
It should be noted that performance evaluation forms the foundation for sustainable AI 
innovation, with dynamic interaction with the external environment enabling the 
continuous updating of parameters and models for improved operational, tactical and 
strategic performance. Based on this consideration, we arrive to following proposition. 

Proposition 4: While performance evaluation does not hold a significant role as either 
an enabler or constraint in AI supply chain journey, it still warrants attention from both 
academia and industry to achieve sustained competitive advantages. 

While commonalities in embracing AI across supply chains do exist, as derived from a 
SLR, empirical data from various industries - including Airline, Retail, Agri-food, and 
Global Transport and Logistics sectors - underscore unique contextual factors that 
significantly shape AI strategies within these industries. For example, the highly 
regulated and safety-critical environment of the Airline industry necessitates a focus on 
data quality and robust AI solutions. In contrast, the customer-oriented Retail industry 
prioritizes ethics, trust, and privacy. The resource-sensitive and infrastructural 
complexity of the Agri-food industry places an emphasis on strategic planning and 
resource allocation, whereas the multi-stakeholder and environmentally impactful 
Global Transport and Logistics sector centers on management support and stakeholder 
buy-in. These empirical insights give rise to distinct four propositions for each industry, 
underlining the critical need for context-specific approaches in AI journey across 
different sectors. 

Proposition 5: In data-intensive and highly competitive sectors such as the Airline 
Supply Chain, perceived advantages of AI and the quality of data assume significant 
roles during the pre-development phase. Industries of this kind tend to stress 
comprehensible AI and technical norms, promoting an environment conducive to 
robustness and adaptiveness during the deployment phase. This conforms with the 
ambition to enhance performance, as seen in the frequent references to KPIs following 
the development phase. 

Proposition 6: In industries focusing on customers, such as the Retail Supply Chain, 
considerations around strategy formulation, ethical conduct, fairness, and privacy are 
pivotal in the pre-development stage. Such sectors attach substantial importance to 
stakeholder engagement during deployment and measure the impact of AI using KPIs 
and review mechanisms for AI after development. 

Proposition 7: In industries that are sensitive to resources and possess intricate 
infrastructure such as the Agri-food Supply Chain, pre-development stage emphasizes 
understanding AI, formulating strategy, and securing funding. Stakeholder involvement 
is critical during the deployment phase, while governance frameworks, KPIs, and 
reviews of AI become crucial after the development phase. 

Proposition 8: In sectors characterized by complex stakeholder relationships and high 
environmental impact such as the Global Transport and Logistics sector, pre-



 
 

 
 

development is largely guided by support from senior management, stakeholder 
engagement, and governmental incentives. Management of change is crucial during the 
deployment phase, and following the development phase, the emphasis is placed on 
establishing a governance structure for ensuring accountability. 

6. Conclusion 

This study integrates findings from a SLR of 361 journal publications with empirical 
data gathered through interviews with 12 supply chain experts. The objective was to 
identify and analyze key enablers and constraints influencing the AI journey in supply 
chains. These elements were situated within a conceptual TOE framework to explain 
their interactions. These research aims have been achieved by answering the following 
for research questions. 

In RQ1, starting from the descriptive analysis, the key research trends have been 
recognized, namely the time distribution of publications, the variety of the 
methodological approaches used, the type of industry sectors and supply chain subfields 
studied and the AI techniques that have been carried out. In terms of the time 
distribution of publications, we discovered that the number of publications increased 
progressively and 78% of the papers were published after 2019. As for the 
methodologies carried out to explore AI in the supply chain, the primary methodologies 
are listed in this order of appearance case study, review, survey, modeling, experiment, 
and simulation. The findings show that the prevalence of the aforementioned methods 
account for 85% of the frequency, which considered as preferable methods to study the 
AI in supply chain. Seven industry sectors have been found, with a concentration of 
investigations in agri-food, manufacturing, energy, healthcare, retail, fashion, and 
construction. With respect to supply chain subfields, the publications cover different 
perspectives including supplier selection, procurement, storage, production planning, 
demand planning and logistics with the aim of achieving an agile supply chain, 
improving supply chain resilience, generating a green supply chain, and finally building 
a sustainable supply chain network. The investigation revealed significant algorithms 
such as ANN, EA, MAS, HA, SI, DDS, and FL. Moreover, the study confirms the 
significance of other AI techniques, including ES, DM, DT, CBR, RF, BN, and LSTM, 
in the supply chain context. These results align with the existing trend observed in the 
literature, highlighting the maturity of AI research in the supply chain domain. 
Subsequently, to answer RQ2, a thematic analysis was carried out to investigate the 
meaningful enablers and constraints involved in the AI journey, with a focus on the pre-
development, deployment, and post-deployment stages. The open coding process was 
performed consecutively across the entire database to achieve saturation, and then two 
long lists of codes have been merged into six axial themes in the pre-deployment stage: 
‘technical benefits and constraints’, ‘organizational strategy and alignment support and 
constraints’; ‘leadership support and constraints’; ‘behavioral and cultural support and 
constraints’; ‘resource support and constraints’; ‘external enablers and constraints’; and 
one axial theme for deployment and post-development stage, namely ‘process support 
and constraints’ and ‘performance evaluation’. The eight axial themes identified in this 
study were integrated into a more comprehensive TOE framework, serving as the basis 
for conducting the relationship analysis. To address RQ3, this involved a deep dive into 
four distinct industries - Airline, Agri-food, Retail, and Logistics - allowing for an 



 
 

 
 

exploration of industry heterogeneity. Recognizing that each industry carries unique 
characteristics and faces disparate challenges, the empirical analysis was designed to 
unearth distinctive enablers and constraints within each industry. By conducting a 
thorough academic study and analyzing empirical data from industries such as Airline, 
Retail, Agri-food, and Global Transport and Logistics, this research uncovers a crucial 
finding: prioritizing constraints such as technical limitations, resource availability, 
external factors, and organizational behavior and culture serves as a significant enabler 
for the successful integration of AI. Further, unique contextual factors across industries 
were found to shape AI strategies significantly. For instance, data quality and robust AI 
solutions are prioritized in the highly regulated Airline industry, while the Retail 
industry, being customer-oriented, focuses on ethics, trust, and privacy. Meanwhile, the 
Agri-food industry, with its resource sensitivity and infrastructural complexity, 
emphasizes strategic planning and resource allocation, and the Global Transport and 
Logistics sector highlights management support and stakeholder buy-in due to its multi-
stakeholder and environmentally impactful nature. 

This study significantly contributes to our understanding of the AI journey in supply 
chains. By conducting a systematic literature review and interviews with supply chain 
experts, the study identifies the key factors that enable or constraint the AI in supply 
chains. The research integrates empirical data with a theoretical TOE framework, which 
helps us comprehend how technological, organizational, and environmental factors 
interact in this context. Through thematic analysis, the study uncovers six key themes 
related to the pre-development stage and two themes for the deployment and post-
development stages, offering valuable insights into the specific factors that impact the 
successful integration of AI. Furthermore, the study delves into the nuances of different 
industries, such as Airline, Agri-food, Retail, and Logistics, revealing industry-specific 
insights and highlighting the importance of tailoring AI strategies to the unique 
contextual factors of each sector.  

As this research aimed to find supply chain publications related to predefined 
keywords, therefore, one of the limitations of this paper is selection bias. Other papers 
not on the predefined list have not been selected and the keywords presented only in 
the main body of the paper may also be excluded in our selection. Regardless of the 
limitation, given the insights set out in this paper, it may be possible for future 
researchers to better apply the research findings to understand the journey of AI in 
supply chain. Future research should examine benchmarking cases in various supply 
chain industries to add further insights to this field. Further research could employ a 
Delphi study in conjunction with the Decision-Making Trial and Evaluation Laboratory 
(DEMATEL) approach to explore and validate the themes identified in this study, or 
even to uncover new themes. This combined approach can provide a structured, 
interactive means of expert elicitation and consensus building to refine our 
understanding of AI enablers and constraints across industries. Additionally, it would 
be beneficial to quantify the impact of these factors, potentially through mathematical 
modelling. This would add another dimension to the research, offering a more precise 
evaluation of the relative importance and influence of the different factors within and 
across industries. 



 
 

 
 

Acknowledgements 
The authors gratefully acknowledge support provided by the Cardiff University and 
Khalifa University. Thanks are due to the Editors and referees for their valuable 
comments and suggestions. 
 
Disclosure statement 
No potential conflict of interest was reported by the author(s).  
 
Notes on contributors 

 
Xinyue Hao is a PhD candidate in the Logistics and Operations 
Management Section of the Cardiff Business School. She holds 
an MSc degree in Digital Innovation Built Asset Management 
from University College London and a BSc in Management 
Science from Dongbei University of Finance and Economics. 
Xinyue’s main research interest is positioned within the field of 
AI decision-making in the supply chain domain. 
 
Emrah Demir (PhD) is a professor of operational research in the 
Logistics and Operations Management Section of the Cardiff 
Business School and a visiting professor in the Department of 
Engineering Systems and Management of Khalifa University. He 
holds BEng and MSc degrees in Industrial Engineering from 
Baskent University, and a PhD in Management Science from the 
University of Southampton. Prof. Demir’s main research interest 
is positioned within the field of logistics and emerging 

technologies. Currently, he is the Area Editor of the Journal of Heuristics and Associate 
Editor of OR Spectrum, IMA Journal of Management Mathematics and Frontiers in 
Future Transportation - Freight Transport and Logistics. 

ORCID 

Xinyue Hao  https://orcid.org/0000-0001-7136-9612 

Emrah Demir  https://orcid.org/0000-0002-4726-2556 

 

  

https://orcid.org/0000-0001-7136-9612
https://orcid.org/0000-0002-4726-2556


 
 

 
 

References 
Abdulkader, Mohamed Mahmoud Saleh, Yuvraj Gajpal, and Tarek Y. ElMekkawy. 2018. 

"Vehicle routing problem in omni-channel retailing distribution systems." Review of. 
International Journal of Production Economics 196:43-55. 

Ahmad, Tanveer, Dongdong Zhang, Chao Huang, Hongcai Zhang, Ningyi Dai, Yonghua Song, 
and Huanxin Chen. 2021. "Artificial intelligence in sustainable energy industry: Status 
Quo, challenges and opportunities." Review of. Journal of Cleaner Production 
289:125834. doi: https://doi.org/10.1016/j.jclepro.2021.125834. 

Ahmed, R. A., E. E. D. Hemdan, W. El-Shafai, Z. A. Ahmed, E. S. M. El-Rabaie, and F. E. Abd 
El-Samie. 2022. "Climate-smart agriculture using intelligent techniques, blockchain 
and Internet of Things: Concepts, challenges, and opportunities." Review of. 
TRANSACTIONS ON EMERGING TELECOMMUNICATIONS TECHNOLOGIES 33 
(11). doi: 10.1002/ett.4607. 

Ahmed, Tazim, Chitra Lekha Karmaker, Sumaiya Benta Nasir, Md Abdul Moktadir, and Sanjoy 
Kumar Paul. 2023. "Modeling the artificial intelligence-based imperatives of industry 
5.0 towards resilient supply chains: A post-COVID-19 pandemic perspective." Review 
of. Computers & Industrial Engineering 177:109055. doi: 
https://doi.org/10.1016/j.cie.2023.109055. 

Ajwani-Ramchandani, Raji, Sandra Figueira, Rui Torres de Oliveira, Shishir Jha, Amit 
Ramchandani, and Louisa Schuricht. 2021. "Towards a circular economy for packaging 
waste by using new technologies: The case of large multinationals in emerging 
economies." Review of. Journal of Cleaner Production 281:125139. doi: 
https://doi.org/10.1016/j.jclepro.2020.125139. 

Aliahmadi, Alireza, and Hamed Nozari. 2022. "Evaluation of security metrics in AIoT and 
blockchain-based supply chain by Neutrosophic decision-making method." Review of. 
Supply Chain Forum: An International Journal:1-12. doi: 
10.1080/16258312.2022.2101898. 

Alsudani, M. Q., M. M. Jaber, M. H. Ali, S. K. Abd, A. Alkhayyat, Z. H. Kareem, and A. R. 
Mohhan. 2023. "Smart logistics with IoT-based enterprise management system using 
global manufacturing." Review of. JOURNAL OF COMBINATORIAL 
OPTIMIZATION 45 (2). doi: 10.1007/s10878-022-00977-5. 

Arji, Goli, Hossein Ahmadi, Pejman Avazpoor, and Morteza Hemmat. 2023. "Identifying 
resilience strategies for disruption management in the healthcare supply chain during 
COVID-19 by digital innovations: A systematic literature review." Review of. 
Informatics in Medicine Unlocked 38:101199. doi: 
https://doi.org/10.1016/j.imu.2023.101199. 

Awa, Hart O., Ojiabo Ukoha, and Bartholomew C. Emecheta. 2016. "Using T-O-E theoretical 
framework to study the adoption of ERP solution." Review of. 
http://www.editorialmanager.com/cogentbusiness 3 (1):1196571-. doi: 
10.1080/23311975.2016.1196571. 

Bag, S., and J. H. C. Pretorius. 2022. "Relationships between industry 4.0, sustainable 
manufacturing and circular economy: proposal of a research framework." Review of. 
International Journal of Organizational Analysis 30 (4):864-98. doi: 10.1108/IJOA-
04-2020-2120. 

Baker, Jeff. 2012. "The Technology–Organization–Environment Framework." Review of.:231-
45. doi: 10.1007/978-1-4419-6108-2_12. 

Barrad, S., S. Gagnon, and R. Valverde. 2020. "An analytics architecture for procurement." 
Review of. International Journal of Information Technologies and Systems Approach 
13 (2):73-98. doi: 10.4018/IJITSA.2020070104. 

Baryannis, George, Sahar Validi, Samir Dani, and Grigoris Antoniou. 2019. "Supply chain risk 
management and artificial intelligence: state of the art and future research directions." 
Review of. International Journal of Production Research 57 (7):2179-202. 

Bathla, G., K. Bhadane, R. K. Singh, R. Kumar, R. Aluvalu, R. Krishnamurthi, A. Kumar, R. 
N. Thakur, and S. Basheer. 2022. "Autonomous Vehicles and Intelligent Automation: 

https://doi.org/10.1016/j.jclepro.2021.125834
https://doi.org/10.1016/j.cie.2023.109055
https://doi.org/10.1016/j.jclepro.2020.125139
https://doi.org/10.1016/j.imu.2023.101199
http://www.editorialmanager.com/cogentbusiness


 
 

 
 

Applications, Challenges, and Opportunities." Review of. Mobile Information Systems 
2022. doi: 10.1155/2022/7632892. 

Belgaum, M. R., S. Musa, M. M. Alam, Z. Alansari, and M. S. Mazliham. 2021. "Impact of 
Artificial Intelligence-enabled Software-defined Networks in Infrastructure and 
Operations: Trends and Challenges." Review of. International Journal of Advanced 
Computer Science and Applications 12 (1):66-73. 

Belhadi, A., S. Kamble, S. Fosso Wamba, and M. M. Queiroz. 2021. "Building supply-chain 
resilience: an artificial intelligence-based technique and decision-making framework." 
Review of. International Journal of Production Research. doi: 
10.1080/00207543.2021.1950935. 

Ben-Daya, Mohamed, Elkafi Hassini, and Zied Bahroun. 2019. "Internet of things and supply 
chain management: a literature review." Review of. International Journal of 
Production Research 57 (15-16):4719-42. 

Bodendorf, Frank, Manuel Lutz, Stefan Michelberger, and Joerg Franke. 2021. "An empirical 
investigation into intelligent cost analysis in purchasing." Review of. Supply Chain 
Management: An International Journal. 

Braun, Virginia, and Victoria Clarke. 2006. "Using thematic analysis in psychology." Review 
of. Qualitative Research in Psychology 3 (2):77-101. doi: 
10.1191/1478088706QP063OA. 

Budak, Ayşenur, and Peiman Alipour Sarvari. 2021. "Profit margin prediction in sustainable 
road freight transportation using machine learning." Review of. Journal of Cleaner 
Production 314:127990. doi: https://doi.org/10.1016/j.jclepro.2021.127990. 

Busato, P., A. Sopegno, N. Pampuro, L. Sartori, and R. Berruto. 2019. "Optimisation tool for 
logistics operations in silage production." Review of. Biosystems Engineering 180:146-
60. doi: 10.1016/j.biosystemseng.2019.01.008. 

Cadden, Trevor, Denis Dennehy, Matti Mantymaki, and Raymond Treacy. 2021. 
"Understanding the influential and mediating role of cultural enablers of AI integration 
to supply chain." Review of. International Journal of Production Research:1-29. 

Cai, Ya-Jun, and Chris K. Y. Lo. 2020. "Omni-channel management in the new retailing era: A 
systematic review and future research agenda." Review of. International Journal of 
Production Economics 229:107729. doi: https://doi.org/10.1016/j.ijpe.2020.107729. 

Chopra, Sunil, ManMohan Sodhi, and Florian Lücker. 2021. "Achieving supply chain 
efficiency and resilience by using multi‐level commons." Review of. Decision Sciences 
52 (4):817-32. 

Choy, K. L., W. B. Lee, Henry Lau, Dawei Lu, and Victor Lo. 2004. "Design of an intelligent 
supplier relationship management system for new product development." Review of. 
International Journal of Computer Integrated Manufacturing 17 (8):692-715. 

Cisneros-Cabrera, Sonia, Grigory Pishchulov, Pedro Sampaio, Nikolay Mehandjiev, Zixu Liu, 
and Sophia Kununka. 2021. "An approach and decision support tool for forming 
Industry 4.0 supply chain collaborations." Review of. Computers in Industry 
125:103391. doi: https://doi.org/10.1016/j.compind.2020.103391. 

Davis, Fred D., Richard P. Bagozzi, and Paul R. Warshaw. 1989. "User acceptance of computer 
technology: A comparison of two theoretical models." Review of. Management Science 
35 (8):982-1003. 

Deif, A., and T. Vivek. 2022. "Understanding AI Application Dynamics in Oil and Gas Supply 
Chain Management and Development: A Location Perspective." Review of. HighTech 
and Innovation Journal 3 (Special Issue):1-14. doi: 10.28991/HIJ-SP2022-03-01. 

Demir, Emrah, Aris Syntetos, and Tom van Woensel. 2022. "Last mile logistics: Research trends 
and needs." Review of. IMA Journal of Management Mathematics 33 (4):549-61. 

Denyer, David, and David Tranfield. 2009. "Producing a systematic review." Review of. 
Dev, N. K., R. Shankar, A. Gunasekaran, and L. S. Thakur. 2016. "A hybrid adaptive decision 

system for supply chain reconfiguration." Review of. International Journal of 
Production Research 54 (23):7100-14. doi: 10.1080/00207543.2015.1134842. 

Dhamija, Pavitra, and Surajit Bag. 2020. "Role of artificial intelligence in operations 

https://doi.org/10.1016/j.jclepro.2021.127990
https://doi.org/10.1016/j.ijpe.2020.107729
https://doi.org/10.1016/j.compind.2020.103391


 
 

 
 

environment: a review and bibliometric analysis." Review of. The TQM Journal 32 
(4):869-96. doi: 10.1108/TQM-10-2019-0243. 

Dohale, Vishwas, Milind Akarte, Angappa Gunasekaran, and Priyanka Verma. 2022. 
"Exploring the role of artificial intelligence in building production resilience: learnings 
from the COVID-19 pandemic." Review of. International Journal of Production 
Research:1-17. 

Dora, Manoj, Ashwani Kumar, Sachin Kumar Mangla, Abhay Pant, and Muhammad Mustafa 
Kamal. 2021. "Critical success factors influencing artificial intelligence adoption in 
food supply chains." Review of. International Journal of Production Research:1-20. 

Drakaki, Maria, and Panagiotis Tzionas. 2016. "Modeling and performance evaluation of an 
agent-based warehouse dynamic resource allocation using Colored Petri Nets." Review 
of. International Journal of Computer Integrated Manufacturing 29 (7):736-53. 

Dubey, Rameshwar, David J Bryde, Yogesh K Dwivedi, Gary Graham, and Cyril Foropon. 2022. 
"Impact of artificial intelligence-driven big data analytics culture on agility and 
resilience in humanitarian supply chain: A practice-based view." Review of. 
International Journal of Production Economics 250:108618. 

Dubey, Rameshwar, David J. Bryde, Cyril Foropon, Manisha Tiwari, Yogesh Dwivedi, and 
Sarah Schiffling. 2021. "An investigation of information alignment and collaboration 
as complements to supply chain agility in humanitarian supply chain." Review of. 
International Journal of Production Research 59 (5):1586-605. 

Dubey, Rameshwar, Angappa Gunasekaran, Stephen J. Childe, David J. Bryde, Mihalis 
Giannakis, Cyril Foropon, David Roubaud, and Benjamin T. Hazen. 2020. "Big data 
analytics and artificial intelligence pathway to operational performance under the 
effects of entrepreneurial orientation and environmental dynamism: A study of 
manufacturing organisations." Review of. International Journal of Production 
Economics 226:107599. doi: https://doi.org/10.1016/j.ijpe.2019.107599. 

Durach, Christian F, Joakim Kembro, and Andreas Wieland. 2017. "A new paradigm for 
systematic literature reviews in supply chain management." Review of. Journal of 
Supply Chain Management 53 (4):67-85. 

Dwivedi, Yogesh K., Laurie Hughes, Elvira Ismagilova, Gert Aarts, Crispin Coombs, Tom 
Crick, Yanqing Duan, et al. 2021. "Artificial Intelligence (AI): Multidisciplinary 
perspectives on emerging challenges, opportunities, and agenda for research, practice 
and policy." Review of. International Journal of Information Management 57:101994. 
doi: https://doi.org/10.1016/j.ijinfomgt.2019.08.002. 

Ebinger, F., and B. Omondi. 2020. "Leveraging digital approaches for transparency in 
sustainable supply chains: A conceptual paper." Review of. Sustainability (Switzerland) 
12 (15). doi: 10.3390/su12156129. 

Eisenhardt, Kathleen M, and Melissa E Graebner. 2007. "Theory building from cases: 
Opportunities and challenges." Review of. Academy of management journal 50 (1):25-
32. 

Feizabadi, Javad. 2022. "Machine learning demand forecasting and supply chain performance." 
Review of. International Journal of Logistics Research and Applications 25 (2):119-
42. 

Ferreira, Luciano, and Denis Borenstein. 2011. "Normative agent-based simulation for supply 
chain planning." Review of. Journal of the Operational Research Society 62 (3):501-
14. 

Flores, H., and J. R. Villalobos. 2020. "A stochastic planning framework for the discovery of 
complementary, agricultural systems." Review of. European Journal of Operational 
Research 280 (2):707-29. doi: 10.1016/j.ejor.2019.07.053. 

Ganesh, Akhil Hannegudda, and Bin Xu. 2022. "A review of reinforcement learning based 
energy management systems for electrified powertrains: Progress, challenge, and 
potential solution." Review of. Renewable and Sustainable Energy Reviews 
154:111833. doi: https://doi.org/10.1016/j.rser.2021.111833. 

Ghahramani, M., Y. Qiao, M. C. Zhou, A. O'Hagan, and J. Sweeney. 2020. "AI-based modeling 

https://doi.org/10.1016/j.ijpe.2019.107599
https://doi.org/10.1016/j.ijinfomgt.2019.08.002
https://doi.org/10.1016/j.rser.2021.111833


 
 

 
 

and data-driven evaluation for smart manufacturing processes." Review of. IEEE-CAA 
JOURNAL OF AUTOMATICA SINICA 7 (4):1026-37. doi: 10.1109/JAS.2020.1003114. 

Giuffrida, N., J. Fajardo-Calderin, A. D. Masegosa, F. Werner, M. Steudter, and F. Pilla. 2022. 
"Optimization and Machine Learning Applied to Last-Mile Logistics: A Review." 
Review of. Sustainability (Switzerland) 14 (9). doi: 10.3390/su14095329. 

Glaser, Barney G, and Anselm L Strauss. 2017. Discovery of grounded theory: Strategies for 
qualitative research: Routledge. 

González Perea, R., E. Camacho Poyato, and J. A. Rodríguez Díaz. 2021. "Forecasting of 
applied irrigation depths at farm level for energy tariff periods using Coactive neuro-
genetic fuzzy system." Review of. Agricultural Water Management 256. doi: 
10.1016/j.agwat.2021.107068. 

Govindan, Kannan. 2022. "How artificial intelligence drives sustainable frugal innovation: A 
multitheoretical perspective." Review of. IEEE Transactions on Engineering 
Management. 

Govindan, Kannan, Devika Kannan, Thomas Ballegård Jørgensen, and Tim Straarup Nielsen. 
2022. "Supply Chain 4.0 performance measurement: A systematic literature review, 
framework development, and empirical evidence." Review of. Transportation 
Research Part E: Logistics and Transportation Review 164:102725. doi: 
https://doi.org/10.1016/j.tre.2022.102725. 

Guida, Michela, Federico Caniato, Antonella Moretto, and Stefano Ronchi. 2023. "The role of 
artificial intelligence in the procurement process: State of the art and research agenda." 
Review of. Journal of Purchasing and Supply Management:100823. doi: 
https://doi.org/10.1016/j.pursup.2023.100823. 

Gupta, S., S. Modgil, R. Meissonier, and Y. K. Dwivedi. 2021. "Artificial Intelligence and 
Information System Resilience to Cope With Supply Chain Disruption." Review of. 
IEEE Transactions on Engineering Management. doi: 10.1109/TEM.2021.3116770. 

Hao, Xinyue, and Emrah Demir. 2023. "Artificial intelligence in supply chain decision-making: 
an environmental, social, and governance triggering and technological inhibiting 
protocol." Review of. Journal of Modelling in Management (ahead-of-print). 

Helo, Petri, and Yuqiuge Hao. 2022. "Artificial intelligence in operations management and 
supply chain management: An exploratory case study." Review of. Production 
Planning & Control 33 (16):1573-90. 

Hemming, S., F. de Zwart, A. Elings, A. Petropoulou, and I. Righini. 2020. "Cherry Tomato 
Production in Intelligent Greenhouses-Sensors and AI for Control of Climate, Irrigation, 
Crop Yield, and Quality." Review of. Sensors 20 (22). doi: 10.3390/s20226430. 

Hofmann, Erik, Henrik Sternberg, Haozhe Chen, Alexander Pflaum, and Günter Prockl. 2019. 
"Supply chain management and Industry 4.0: conducting research in the digital age." 
Review of. International Journal of Physical Distribution & Logistics Management. 

Hopkins, John L. 2021. "An investigation into emerging industry 4.0 technologies as drivers of 
supply chain innovation in Australia." Review of. Computers in Industry 125:103323. 
doi: https://doi.org/10.1016/j.compind.2020.103323. 

Hu, G., and B. Bidanda. 2009. "Modeling sustainable product lifecycle decision support 
systems." Review of. International Journal of Production Economics 122 (1):366-75. 
doi: 10.1016/j.ijpe.2009.06.011. 

Ivanov, Dmitry, and Alexandre Dolgui. 2021. "A digital supply chain twin for managing the 
disruption risks and resilience in the era of Industry 4.0." Review of. Production 
Planning & Control 32 (9):775-88. 

Jæger, Bjørn, Mesay Moges Menebo, and Arvind Upadhyay. 2021. "Identification of 
environmental supply chain bottlenecks: a case study of the Ethiopian healthcare 
supply chain." Review of. Management of Environmental Quality: An International 
Journal 32 (6):1233-54. 

Jin, J. C., and X. L. Ma. 2018. "Hierarchical multi-agent control of traffic lights based on 
collective learning." Review of. Engineering Applications of Artificial Intelligence 
68:236-48. doi: 10.1016/j.engappai.2017.10.013. 

https://doi.org/10.1016/j.tre.2022.102725
https://doi.org/10.1016/j.pursup.2023.100823
https://doi.org/10.1016/j.compind.2020.103323


 
 

 
 

Jraisat, Luai, Mohannad Jreissat, Arvind Upadhyay, and Anil Kumar. 2022. Blockchain 
technology: the role of integrated reverse supply chain networks in sustainability. Paper 
presented at the Supply Chain Forum: An International Journal. 

Jraisat, Luai, Arvind Upadhyay, Thaana Ghalia, Mohannad Jresseit, Vikas Kumar, and David 
Sarpong. 2021. "Triads in sustainable supply-chain perspective: why is a collaboration 
mechanism needed?" Review of. International Journal of Production Research:1-17. 

Kar, Arpan Kumar, Shweta Kumari Choudhary, and Vinay Kumar Singh. 2022. "How can 
artificial intelligence impact sustainability: A systematic literature review." Review of. 
Journal of cleaner production:134120. 

Khosrowabadi, Naghmeh, Kai Hoberg, and Christina Imdahl. 2022. "Evaluating human 
behaviour in response to AI recommendations for judgemental forecasting." Review of. 
European Journal of Operational Research. doi: 
https://doi.org/10.1016/j.ejor.2022.03.017. 

Klumpp, Matthias, and Caroline Ruiner. 2022. "Artificial intelligence, robotics, and logistics 
employment: The human factor in digital logistics." In Journal of Business Logistics, 
297-301. Wiley Online Library. 

Kovalishin, P., N. Nikitakos, B. Svilicic, J. Zhang, A. Nikishin, D. Dalaklis, M. Kharitonov, 
and A. A. Stefanakou. 2023. "Using Artificial Intelligence (AI) methods for effectively 
responding to climate change at marine ports." Review of. Journal of International 
Maritime Safety, Environmental Affairs, and Shipping 7 (1). doi: 
10.1080/25725084.2023.2186589. 

Kumar, Ashwani, Venkatesh Mani, Vranda Jain, Himanshu Gupta, and V. G. Venkatesh. 2023. 
"Managing healthcare supply chain through artificial intelligence (AI): A study of 
critical success factors." Review of. Computers & Industrial Engineering 175:108815. 
doi: https://doi.org/10.1016/j.cie.2022.108815. 

Kumar, I., J. Rawat, N. Mohd, and S. Husain. 2021. "Opportunities of Artificial Intelligence 
and Machine Learning in the Food Industry." Review of. Journal of Food Quality 2021. 
doi: 10.1155/2021/4535567. 

Kunkel, Stefanie, Marcel Matthess, Bing Xue, and Grischa Beier. 2022. "Industry 4.0 in 
sustainable supply chain collaboration: Insights from an interview study with 
international buying firms and Chinese suppliers in the electronics industry." Review 
of. Resources, Conservation and Recycling 182:106274. doi: 
https://doi.org/10.1016/j.resconrec.2022.106274. 

Kuziemski, Maciej, and Gianluca Misuraca. 2020. "AI governance in the public sector: Three 
tales from the frontiers of automated decision-making in democratic settings." Review 
of. Telecommunications Policy 44 (6):101976. doi: 
https://doi.org/10.1016/j.telpol.2020.101976. 

Lehmann, Cedric A., Christiane B. Haubitz, Andreas Fügener, and Ulrich W. Thonemann. 2022. 
"The risk of algorithm transparency: How algorithm complexity drives the effects on 
the use of advice." Review of. Production and Operations Management 31 (9):3419-
34. 

Lenny Koh, S. C., A. Genovese, A. A. Acquaye, P. Barratt, N. Rana, J. Kuylenstierna, and D. 
Gibbs. 2013. "Decarbonising product supply chains: Design and development of an 
integrated evidence-based decision support system-the supply chain environmental 
analysis tool (SCEnAT)." Review of. International Journal of Production Research 51 
(7):2092-109. doi: 10.1080/00207543.2012.705042. 

Li, Xingyu, and Bogdan I. Epureanu. 2020. "AI-based competition of autonomous vehicle fleets 
with application to fleet modularity." Review of. European Journal of Operational 
Research 287 (3):856-74. doi: https://doi.org/10.1016/j.ejor.2020.05.020. 

Lorson, Fabian, Andreas Fügener, and Alexander Hübner. 2022. "New team mates in the 
warehouse: Human interactions with automated and robotized systems." Review of. 
IISE Transactions (just-accepted):1-41. 

Low, Chinyao, Yahsueh Chen, and Mingchang Wu. 2011. "Understanding the determinants of 
cloud computing adoption." Review of. Industrial Management and Data Systems 111 

https://doi.org/10.1016/j.ejor.2022.03.017
https://doi.org/10.1016/j.cie.2022.108815
https://doi.org/10.1016/j.resconrec.2022.106274
https://doi.org/10.1016/j.telpol.2020.101976
https://doi.org/10.1016/j.ejor.2020.05.020


 
 

 
 

(7):1006-23. doi: 10.1108/02635571111161262/FULL/PDF. 
Lu, Hongfang, Lijun Guo, Mohammadamin Azimi, and Kun Huang. 2019. "Oil and Gas 4.0 

era: A systematic review and outlook." Review of. Computers in Industry 111:68-90. 
doi: https://doi.org/10.1016/j.compind.2019.06.007. 

Mahroof, Kamran. 2019. "A human-centric perspective exploring the readiness towards smart 
warehousing: The case of a large retail distribution warehouse." Review of. 
International Journal of Information Management 45:176-90. doi: 
https://doi.org/10.1016/j.ijinfomgt.2018.11.008. 

Manning, L., S. Brewer, P. J. Craigon, J. Frey, A. Gutierrez, N. Jacobs, S. Kanza, S. Munday, J. 
Sacks, and S. Pearson. 2023. "Reflexive governance architectures: Considering the 
ethical implications of autonomous technology adoption in food supply chains." 
Review of. Trends in Food Science and Technology 133:114-26. doi: 
10.1016/j.tifs.2023.01.015. 

Manning, Louise, Steve Brewer, Peter J. Craigon, Jeremy Frey, Anabel Gutierrez, Naomi 
Jacobs, Samantha Kanza, Samuel Munday, Justin Sacks, and Simon Pearson. 2022. 
"Artificial intelligence and ethics within the food sector: Developing a common 
language for technology adoption across the supply chain." Review of. Trends in Food 
Science & Technology 125:33-42. doi: https://doi.org/10.1016/j.tifs.2022.04.025. 

Marija, Ana, Stjepi´c Stjepi´c, Mirjana Peji´c, Peji´c Bach, Vesna Bosilj, and Vukši´c Vukši´c. 
2021. "Exploring Risks in the Adoption of Business Intelligence in SMEs Using the 
TOE Framework." Review of. Journal of Risk and Financial Management 2021, Vol. 
14, Page 58 14 (2):58-. doi: 10.3390/JRFM14020058. 

Meena, Manish, Shubham Shubham, Kunwar Paritosh, Nidhi Pareek, and Vivekanand 
Vivekanand. 2021. "Production of biofuels from biomass: Predicting the energy 
employing artificial intelligence modelling." Review of. Bioresource Technology 
340:125642. doi: https://doi.org/10.1016/j.biortech.2021.125642. 

Menchaca-Méndez, Adriana, Elizabeth Montero, Marisol Flores-Garrido, and Luis Miguel-
Antonio. 2022. "An algorithm to compute time-balanced clusters for the delivery 
logistics problem." Review of. Engineering Applications of Artificial Intelligence 
111:104795. doi: https://doi.org/10.1016/j.engappai.2022.104795. 

Min, H. 2010. "Artificial intelligence in supply chain management: Theory and applications." 
Review of. International Journal of Logistics Research and Applications 13 (1):13-39. 
doi: 10.1080/13675560902736537. 

Modgil, Sachin, Shivam Gupta, Rébecca Stekelorum, and Issam Laguir. 2022. "AI technologies 
and their impact on supply chain resilience during -19." Review of. International 
journal of physical distribution & logistics management 52 (2):130-49. doi: 
10.1108/IJPDLM-12-2020-0434. 

Modgil, Sachin, Rohit Kumar Singh, and Claire Hannibal. 2021. "Artificial intelligence for 
supply chain resilience: learning from Covid-19." Review of. The International 
Journal of Logistics Management. 

Mohiuddin Babu, M., S. Akter, M. Rahman, M. M. Billah, and D. Hack-Polay. 2022. "The role 
of artificial intelligence in shaping the future of Agile fashion industry." Review of. 
Production Planning and Control. doi: 10.1080/09537287.2022.2060858. 

Nayal, K., R. D. Raut, M. M. Queiroz, V. S. Yadav, and B. E. Narkhede. 2021. "Are artificial 
intelligence and machine learning suitable to tackle the COVID-19 impacts? An 
agriculture supply chain perspective." Review of. International Journal of Logistics 
Management. doi: 10.1108/ijlm-01-2021-0002. 

Nayal, Kirti, Rakesh Raut, Pragati Priyadarshinee, Balkrishna Eknath Narkhede, Yigit 
Kazancoglu, and Vaibhav Narwane. 2022. "Exploring the role of artificial intelligence 
in managing agricultural supply chain risk to counter the impacts of the COVID-19 
pandemic." Review of. International Journal of Logistics Management 33 (3):744-72. 
doi: 10.1108/IJLM-12-2020-0493/FULL/PDF. 

Nikolopoulos, Konstantinos I., M. Zied Babai, and Konstantinos Bozos. 2016. "Forecasting 
supply chain sporadic demand with nearest neighbor approaches." Review of. 

https://doi.org/10.1016/j.compind.2019.06.007
https://doi.org/10.1016/j.ijinfomgt.2018.11.008
https://doi.org/10.1016/j.tifs.2022.04.025
https://doi.org/10.1016/j.biortech.2021.125642
https://doi.org/10.1016/j.engappai.2022.104795


 
 

 
 

International Journal of Production Economics 177:139-48. doi: 
https://doi.org/10.1016/j.ijpe.2016.04.013. 

Nissen, M. E., and K. Sengupta. 2006. "Incorporating software agents into supply chains: 
Experimental investigation with a procurement task." Review of. MIS Quarterly: 
Management Information Systems 30 (1):145-66. doi: 10.2307/25148721. 

Pandey, Satyendra C, and Srilata Patnaik. 2014. "Establishing reliability and validity in 
qualitative inquiry: A critical examination." Review of. Jharkhand journal of 
development and management studies 12 (1):5743-53. 

Paul, Souma Kanti, Sadia Riaz, and Suchismita Das. 2020. Organizational Adoption of 
Artificial Intelligence in Supply Chain Risk Management. Paper presented at the 
International Working Conference on Transfer and Diffusion of IT. 

Pillai, Rajasshrie, Brijesh Sivathanu, Marcello Mariani, Nripendra P Rana, Bai Yang, and 
Yogesh K Dwivedi. 2022. "Adoption of AI-empowered industrial robots in auto 
component manufacturing companies." Review of. Production Planning & Control 33 
(16):1517-33. 

Ponte, Borja, Enrique Sierra, David de la Fuente, and Jesús Lozano. 2017. "Exploring the 
interaction of inventory policies across the supply chain: An agent-based approach." 
Review of. Computers & Operations Research 78:335-48. 

Pournader, Mehrdokht, Hadi Ghaderi, Amir Hassanzadegan, and Behnam Fahimnia. 2021. 
"Artificial intelligence applications in supply chain management." Review of. 
International Journal of Production Economics 241:108250. 

Preil, D., and M. Krapp. 2022. "Artificial intelligence-based inventory management: a Monte 
Carlo tree search approach." Review of. Annals of Operations Research 308 (1-2):415-
39. doi: 10.1007/s10479-021-03935-2. 

Priore, P., B. Ponte, R. Rosillo, and D. de la Fuente. 2019. "Applying machine learning to the 
dynamic selection of replenishment policies in fast-changing supply chain 
environments." Review of. International Journal of Production Research 57 (11):3663-
77. doi: 10.1080/00207543.2018.1552369. 

Rahman, Nor Aida Abdul, Aidi Ahmi, Luai Jraisat, and Arvind Upadhyay. 2022. "Examining 
the trend of humanitarian supply chain studies: pre, during and post COVID-19 
pandemic." Review of. Journal of Humanitarian Logistics and Supply Chain 
Management (ahead-of-print). 

Riahi, Youssra, Tarik Saikouk, Angappa Gunasekaran, and Ismail Badraoui. 2021. "Artificial 
intelligence applications in supply chain: A descriptive bibliometric analysis and future 
research directions." Review of. Expert Systems with Applications 173:114702. 

Rodríguez-Espíndola, Oscar, Soumyadeb Chowdhury, Ahmad Beltagui, and Pavel Albores. 
2020. "The potential of emergent disruptive technologies for humanitarian supply 
chains: the integration of blockchain, Artificial Intelligence and 3D printing." Review 
of. International Journal of Production Research 58 (15):4610-30. 

Russell, Stuart J. 2010. Artificial intelligence a modern approach: Pearson Education, Inc. 
Sanders, Nada R, Tonya Boone, Ram Ganeshan, and John D Wood. 2019. "Sustainable supply 

chains in the age of AI and digitization: research challenges and opportunities." Review 
of. Journal of Business Logistics 40 (3):229-40. 

Senoner, Julian, Torbjørn Netland, and Stefan Feuerriegel. 2022. "Using explainable artificial 
intelligence to improve process quality: Evidence from semiconductor manufacturing." 
Review of. Management Science 68 (8):5704-23. 

Seo, Jungyong, Byung Kwon Lee, and Yongsik Jeon. 2022. "Digitalization strategies and 
evaluation of maritime container supply chains." Review of. Business Process 
Management Journal (ahead-of-print). 

Sharma, Mahak, Rakesh D. Raut, Rajat Sehrawat, and Alessio Ishizaka. 2023. "Digitalisation 
of manufacturing operations: The influential role of organisational, social, 
environmental, and technological impediments." Review of. Expert Systems with 
Applications 211:118501. doi: https://doi.org/10.1016/j.eswa.2022.118501. 

Sharma, Manu, Anil Kumar, Sunil Luthra, Sudhanshu Joshi, and Arvind Upadhyay. 2022. "The 

https://doi.org/10.1016/j.ijpe.2016.04.013
https://doi.org/10.1016/j.eswa.2022.118501


 
 

 
 

impact of environmental dynamism on low‐carbon practices and digital supply chain 
networks to enhance sustainable performance: An empirical analysis." Review of. 
Business Strategy and the Environment 31 (4):1776-88. 

Sharma, Manu, Sunil Luthra, Sudhanshu Joshi, and Anil Kumar. 2021. "Implementing 
challenges of artificial intelligence: Evidence from public manufacturing sector of an 
emerging economy." Review of. Government Information Quarterly:101624. doi: 
https://doi.org/10.1016/j.giq.2021.101624. 

Shore, Barry, and A. R. Venkatachalam. 2003. "Evaluating the information sharing capabilities 
of supply chain partners: A fuzzy logic model." Review of. International Journal of 
Physical Distribution & Logistics Management. 

Shrivastav, M. 2022. "Barriers Related to AI Implementation in Supply Chain Management." 
Review of. JOURNAL OF GLOBAL INFORMATION MANAGEMENT 30 (8). doi: 
10.4018/JGIM.296725. 

Simchi-Levi, D., and M. X. Wu. 2018. "Powering retailers’ digitization through analytics and 
automation." Review of. International Journal of Production Research 56 (1-2):809-
16. doi: 10.1080/00207543.2017.1404161. 

Singh, A., A. Dwivedi, D. Agrawal, and D. Singh. 2023. "Identifying issues in adoption of AI 
practices in construction supply chains: towards managing sustainability." Review of. 
Operations Management Research. doi: 10.1007/s12063-022-00344-x. 

Sinha, A. K., W. J. Zhang, and M. K. Tiwari. 2012. "Co-evolutionary immuno-particle swarm 
optimization with penetrated hyper-mutation for distributed inventory replenishment." 
Review of. Engineering Applications of Artificial Intelligence 25 (8):1628-43. doi: 
10.1016/j.engappai.2012.01.015. 

Sodhi, ManMohan S., Zahra Seyedghorban, Hossein Tahernejad, and Danny Samson. 2022. 
"Why emerging supply chain technologies initially disappoint: Blockchain, IoT, and 
AI." Review of. Production and Operations Management. 

Stock, James R., and Stefanie L. Boyer. 2009. "Developing a consensus definition of supply 
chain management: A qualitative study." Review of. International Journal of Physical 
Distribution and Logistics Management 39 (8):690-711. doi: 
10.1108/09600030910996323/FULL/XML. 

Toorajipour, Reza, Vahid Sohrabpour, Ali Nazarpour, Pejvak Oghazi, and Maria Fischl. 2021. 
"Artificial intelligence in supply chain management: A systematic literature review." 
Review of. Journal of business research 122:502-17. 

Tornatzky, Louis G., Mitchell Fleischer, and Alok K. Chakrabarti. 1990. Processes of 
technological innovation: Lexington books. 

Tranfield, David, David Denyer, and Palminder Smart. 2003. "Towards a Methodology for 
Developing Evidence-Informed Management Knowledge by Means of Systematic 
Review." Review of. British Journal of Management 14 (3):207-22. doi: 10.1111/1467-
8551.00375. 

Upadhyay, Arvind. 2021. "Antecedents of green supply chain practices in developing 
economies." Review of. Management of Environmental Quality: An International 
Journal 32 (6):1150-65. 

Upadhyay, Arvind, Sumona Mukhuty, Sushma Kumari, Jose Arturo Garza-Reyes, and Vinaya 
Shukla. 2022. "A review of lean and agile management in humanitarian supply chains: 
analysing the pre-disaster and post-disaster phases and future directions." Review of. 
Production Planning & Control 33 (6-7):641-54. 

Venkatesh, Viswanath, Michael G. Morris, Gordon B. Davis, and Fred D. Davis. 2003. "User 
acceptance of information technology: Toward a unified view." Review of. MIS 
Quarterly: Management Information Systems 27 (3):425-78. doi: 10.2307/30036540. 

Vilas-Boas, J. L., J. J. P. C. Rodrigues, and A. M. Alberti. 2023. "Convergence of Distributed 
Ledger Technologies with Digital Twins, IoT, and AI for fresh food logistics: 
Challenges and opportunities." Review of. Journal of Industrial Information 
Integration 31. doi: 10.1016/j.jii.2022.100393. 

Wamba, S. F., M. M. Queiroz, C. Guthrie, and A. Braganza. 2022. "Industry experiences of 

https://doi.org/10.1016/j.giq.2021.101624


 
 

 
 

artificial intelligence (AI): benefits and challenges in operations and supply chain 
management." Review of. Production Planning & Control 33 (16):1493-7. doi: 
10.1080/09537287.2021.1882695. 

Wang, Yingli, Jean-Paul Skeete, and Gilbert Owusu. 2022. "Understanding the implications of 
artificial intelligence on field service operations: A case study of BT." Review of. 
Production Planning & Control 33 (16):1591-607. 

Wang, Yu Min, Yi Shun Wang, and Yong Fu Yang. 2010. "Understanding the determinants of 
RFID adoption in the manufacturing industry." Review of. Technological Forecasting 
and Social Change 77 (5):803-15. doi: 10.1016/J.TECHFORE.2010.03.006. 

Wen, Kuang Wei, and Yan Chen. 2010. "E-business value creation in Small and Medium 
Enterprises: a US study using the TOE framework." Review of. International Journal 
of Electronic Business 8 (1):80-. doi: 10.1504/IJEB.2010.030717. 

Williams, Michael, and Tami Moser. 2019. "The art of coding and thematic exploration in 
qualitative research." Review of. International Management Review 15 (1):45-55. 

Woschank, Manuel, Erwin Rauch, and Helmut Zsifkovits. 2020. "A review of further directions 
for artificial intelligence, machine learning, and deep learning in smart logistics." 
Review of. Sustainability (Switzerland) 12 (9):3760. 

Wu, Chong, and David Barnes. 2014. "Partner selection in agile supply chains: a fuzzy 
intelligent approach." Review of. Production Planning & Control 25 (10):821-39. doi: 
10.1080/09537287.2013.766037. 

Yang, Cenying, Yihao Feng, and Andrew Whinston. 2022. "Dynamic pricing and information 
disclosure for fresh produce: An artificial intelligence approach." Review of. 
Production and Operations Management 31 (1):155-71. 

Zhao, Fuqing, Yi Hong, Dongmei Yu, Yahong Yang, and Qiuyu Zhang. 2010. "A hybrid particle 
swarm optimisation algorithm and fuzzy logic for process planning and production 
scheduling integration in holonic manufacturing systems." Review of. International 
Journal of Computer Integrated Manufacturing 23 (1):20-39. 

Zhou, Rongyan, Anjali Awasthi, and Julie Stal-Le Cardinal. 2021. "The main trends for multi-
tier supply chain in Industry 4.0 based on Natural Language Processing." Review of. 
Computers in Industry 125:103369. doi: 
https://doi.org/10.1016/j.compind.2020.103369. 

 

https://doi.org/10.1016/j.compind.2020.103369

