
 

 

Master Thesis  

in the master program  

Digital Transformation and Global Entrepreneurship  

at University of Applied Sciences Neu-Ulm  

 

 

 

 

 

Factors Influencing the Adoption Intention of Artificial Intelligence in German Supply Chain 

Management 
 

 

1st examiner: Prof. Dr. Christopher Williams 

2nd examiner: Prof. Dr. Daniel Schallmo 

 

 

 

Author: Josefina Ciupke (Enrolment number: 362757) 

 

 

 

Topic received: 01.01.2026 

Date of submission: 06.03.2026 

 

 

 

 

 



  

II 

Abstract 

This thesis examines the factors influencing artificial intelligence (AI) adoption intention 

among German supply chain management (SCM) organizations in a pre-adoption context. 

Although AI is increasingly perceived as strategically relevant, adoption in German SCM 

remains limited, with many organizations operating in early pre-adoption stages. Existing 

research on AI adoption in SCM has expanded in recent years and reflects diverse 

theoretical perspectives as well as the examination of several factors within the adoption 

process. However, empirical insights into adoption intention in the German SCM context 

and across pre-adoption stages remain limited. To address this gap, a systematic literature 

review was conducted to derive technological, organizational, and environmental factors 

related to AI adoption in SCM and to develop a conceptual framework for adoption intention. 

The framework was empirically tested using a cross-sectional survey of German SCM 

managers (n = 67) and multiple linear regression analysis. 

The findings suggest that AI adoption intention is primarily shaped by managerial 

commitment and the perceived compatibility of AI with existing organizational structures and 

processes, while other examined factors do not exhibit independent explanatory power. 

Stage-specific analyses further suggest that determinant relevance may evolve across pre-

adoption stages. 

 

Keywords: artificial intelligence, adoption intention, supply chain management, pre-

adoption, technology-organization-environment (TOE) framework 
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1 Introduction 

The following chapter introduces the background and relevance of artificial intelligence (AI) 

adoption intention in German supply chain management (SCM) and derives the problem 

statement. Moreover, it defines the underlying research question (RQ), objectives, the 

methodological approach and structure of this thesis. 

1.1 Background 

AI is currently considered to be one of the most transformative technologies shaping 

organizational practices across industries and exhibiting characteristics of a general-

purpose technology (Damioli et al., 2024). Initial skepticism, driven by concerns about data 

privacy, regulatory uncertainty, and high investment costs, has declined. Additionally, 

advances in AI capabilities, falling implementation costs, and growing institutional support 

have substantially increased organizational openness toward AI adoption worldwide (Maslej 

et al., 2025). Adoption rates reflect this development, as the share of firms applying AI in at 

least one business function increased globally from 55% in 2023 to 78% in 2024 (Maslej et 

al., 2025, p. 261). However, diffusion remains uneven across functions. While AI is 

comparatively established in information technology and human resources, adoption in SCM 

lags behind. Globally, SCM exhibits one of the lowest AI adoption rates, at approximately 

17%, despite substantial cost and revenue potential (Maslej et al., 2025, p. 262).  

Germany represents a particularly relevant context for examining this discrepancy. Studies 

indicate a strong increase in AI-related optimism, accompanied by high AI skill penetration 

and public investment (Maslej et al., 2025). Given Germany’s industrial base, export 

orientation, and complex international supply chains (SC), SCM is strategically central, 

particularly in times of crisis (Ullrich, 2022). Despite these favorable conditions and 

increased awareness, adoption in SCM-related processes remains limited. Only a minority 

of firms apply AI in procurement (23%), SCM (15%), and production (9%) (ERA Group, 

2024, p. 4) in the DACH region, and in logistics (22%) in Germany (Bitkom e.V., 2022). This 

adoption gap contrasts with the growing strategic relevance attributed to AI in SCs, including 

emerging applications such as AI agents (INFORM Software, 2025).  

Following Rogers organizational adoption is defined as the “decision to make full use of an 

innovation” (Rogers, 1983, p. 172). More specifically, this thesis defines adoption as a 

strategic commitment involving resource allocation and, where necessary, organization-

wide changes to processes and roles. It does not imply immediate implementation but 

extends beyond exploratory testing or feasibility assessment (Rogers, 1983). 
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1.2 Problem Statement 

Recent evidence suggests that limited AI adoption in SCM cannot primarily be attributed to 

a lack of awareness or general interest. Instead, many SCM-related functions remain in pre-

adoption stages, characterized by discussion, evaluation, and planning, while only a small 

share has progressed toward concrete deployment decisions (Bundesverband 

Materialwirtschaft, Einkauf und Logistik e.V. [BME], 2025; Handelsverband Deutschland 

e.V. [HDE] & Safaric Consulting GmbH, 2025; Statista, 2024; Bitkom Research, 2021). At 

the same time, the proportion of firms perceiving AI as irrelevant in Germany has declined, 

indicating substantial heterogeneity in organizations’ intention to advance toward adoption 

(Bitkom, 2025). 

Existing research provides only partial explanations for these differences. Practitioner-

oriented studies identify numerous barriers and drivers influencing AI adoption in general 

(Falck et al., 2024; Statista, 2024), within SCM-related processes (Kempcke, 2021; BME, 

2025), or affecting implementation (INFORM Software, 2025), yet largely remain descriptive 

and fragmented. Additionally, academic research offers similarly limited insights either 

focusing on factors associated with successful AI adoption processes, typically examining 

established adopters (Falayi et al., 2025; Usmani et al., 2022), or analyzing adoption 

determinants based on samples including non-adopters and early adopters (Pillai et al., 

2022; Wang & Pan, 2022). In parallel, a descriptive body of literature identifies potential 

drivers, barriers (Dey et al., 2023; Singh et al., 2023; Pan et al., 2025; van Hoek, 2024; 

Nitsche et al., 2023; Mishra et al., 2023) and early implementation challenges across SCM 

contexts (Fosso Wamba et al., 2024; Nozari et al., 2022; Fries et al., 2025; Fries & Ludwig, 

2024; Rad et al., 2025; Cannas et al., 2023). However, these studies predominantly examine 

isolated factors or mixed adoption samples and do not assess how enabling and inhibiting 

determinants jointly shape AI adoption intention across different pre-adoption stages, 

particularly in the German SCM context.  

In summary, the concentration of German organizations in pre-adoption stages indicates 

substantial heterogeneity in organizational AI adoption intention. Accordingly, this thesis 

examines the determinants of AI adoption intention to explain why adoption in German SCM 

progresses only gradually despite increasing awareness and sustained evaluation efforts. 
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1.3 Research Objectives and Question 

Building on the observed heterogeneity in organizational AI adoption intention in German 

SCM, this paper addresses the following central research question:  

RQ1: “Which factors influence AI adoption intention among German SCM organizations in 

the pre-adoption context?” 

In addition, the study pursues the following research objectives: 

I. Identification and synthesis of influencing factors related to AI adoption in SCM 

through a systematic literature review (SLR) 

II. Development of a conceptual model of AI adoption intention in SCM 

III. Quantitative examination of the influence of the identified factors and organizations’ 

AI adoption intention in German SCM 

IV. Descriptive assessment of the current status and application areas of AI across SCM-

related functions in German SCM 

From a theoretical perspective, the thesis contributes to the literature on AI adoption in SCM 

by synthesizing existing influencing factors and developing a conceptual model focused on 

AI adoption intention. By explicitly examining the pre-adoption context, the study advances 

the understanding of heterogeneity in organizational intentions to adopt AI, thereby 

addressing a context that remains underexplored in prior research (Frambach & 

Schillewaert, 2002). From a practical perspective, the thesis provides insights into current 

AI use cases and the key factors influencing its adoption across organizations, offering 

guidance for other firms and practitioners.  

1.4 Research Design 

This thesis follows a quantitative research design based on a deductive approach (Foster et 

al., 2021) (see Table 1). An SLR identifies and synthesizes relevant factors of AI adoption 

in SCM and provides the theoretical foundation for a context-specific conceptual model 

(Creswell, 2009). The relationships identified in this model are then empirically investigated. 

The empirical phase uses a cross-sectional survey design in the German SCM context. This 

quantitative approach is methodologically appropriate, as the study aims to examine the 

relationship between the identified factors and AI adoption intention through standardized 

measurement and statistical analysis, allowing for systematic comparison and analytical 

generalization within the defined context (Foster et al., 2021; Creswell, 2009). The proposed 

relationships are tested using multiple linear regression analysis. 
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Table 1: Phases, Procedures and Outcomes of Research Design 

Phase Procedure Outcome 

1. Literature review SLR 

Bibliometric and thematic analysis 

Influencing factors related to AI 
adoption in SCM 

2. Development of conceptual model Hypothesis building Conceptual framework for AI 
adoption intention for SCM context 

3. Quantitative data collection Cross-sectional online survey Dataset 

4. Quantitative analysis Descriptive statistics 

Multiple linear regression analysis 

Hypothesis testing results 

1.5 Structure of the Thesis 

The thesis consists of eight chapters and is structured as follows: 

Chapter 1 outlines the research topic, introduces the background and problem statement, 

and defines the research questions, objectives, and research design. 

Chapter 2 provides the theoretical foundation of the thesis. It introduces key concepts 

related to AI and SCM and reviews relevant technology adoption models. 

Chapter 3 presents the SLR, describing its methodological approach and the identification 

and synthesis of influencing factors related to AI adoption in SCM. 

Chapter 4 develops the conceptual model derived from the literature and specifies the 

hypothesized relationships. 

Chapter 5 refers to the applied empirical methodology, including the description of the 

selected survey design, data collection strategy, measurement, and statistical analysis. It 

further presents the empirical results and the testing of the hypothesized relationships. 

Chapter 6 discusses the empirical findings, relating the results to existing literature. 

Chapter 7 outlines the theoretical and practical contributions of the thesis, suggests 

directions for future research and discusses its limitations.  

Chapter 8 summarizes the main findings of this thesis. 
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2 Theoretical Background 

The following chapter outlines the theoretical foundations of the key concepts of SCM and 

AI, including current applications of AI in SCM. Furthermore, relevant technology adoption 

models are described to provide a theoretical basis for the conceptual model and research 

developed in this thesis.  

2.1 Supply Chain Management 

The field of SCM is a widely discussed concept in academic literature and practice (Lambert 

et al., 1998; Tan et al., 1998; Simchi-Levi et al., 2000; Mentzer et al., 2001; Bowersox et al., 

2002; Christopher, 2016; Chopra & Meindl, 2016; Werner, 2020). However, a universally 

accepted definition of SCM has not yet been established, reflecting differing theoretical and 

practical perspectives, evolving technological and organizational contexts, and different 

objectives associated with SCM (Werner, 2020; Council of Supply Chain Management 

Professionals [CSCMP], n.d.). An overview of selected definitional approaches is provided 

in Appendix A. 

In general, a SC refers to a network of interlinked organizations coordinating the flow of 

information, goods, and financial resources from initial suppliers to end customers (Chopra 

& Meindl, 2016; Mentzer et al., 2001; Christopher, 2016; Bowersox et al., 2002).  

Although definitions differ in perspective, several common themes can be identified. Existing 

literature conceptualizes SCM as the integration of cross-functional and inter-organizational 

business processes along the SC, to improve efficiency and operational performance 

(Lambert et al., 1998; Simchi-Levi et al., 2000; Werner, 2020). Furthermore, SCM is 

conceptualized as a mechanism for joint value creation and the maximization of SC surplus 

for all participating actors (Christopher, 2016; Chopra & Meindl, 2016), as well as a strategic 

management philosophy that aligns relationships, structures, and processes to achieve 

long-term competitiveness (Mentzer et al., 2001; Tan et al., 1998; Bowersox et al., 2002). 

Within this broader conceptualization, the relationship between SCM and logistics remains 

subject to differing interpretations. While some authors treat logistics as a core component 

of SCM (Simchi-Levi et al., 2000; Werner, 2020; Tan et al., 1998), others distinguish SCM 

as a broader management concept that extends beyond traditional logistics functions 

(Lambert et al., 1998; Mentzer et al., 2001; Chopra & Meindl, 2016). Despite these differing 

perspectives, the literature converges on a shared understanding of SCM objectives 

centered on enhancing overall SC performance through network-level value creation and 

profitability (Chopra & Meindl, 2016; Lambert et al., 1998; Werner, 2020). This involves the 
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coordinated management of interdependent processes to improve efficiency and 

effectiveness while balancing cost, time, quality, and flexibility across organizational 

boundaries (Mentzer et al., 2001).  

In line with this understanding, the thesis conceptualizes SCM as an integrative 

management approach implemented within and across organizations to coordinate 

interdependent processes aimed at enhancing overall SC performance. 

Building on these shared objectives, SCM activities are commonly structured using process-

oriented reference frameworks that illustrate how coordinated value is operationalized. A 

widely recognized model is the Supply Chain Operations Reference (SCOR) model, which 

is used as a standardized framework for describing, analyzing and improving SC processes 

and organizes activities into five top-level processes:  plan, source, make, deliver and return 

(Werner, 2020; APICS, 2017). These processes include strategic and operational planning, 

procurement and supplier coordination, production, distribution and logistics activities, as 

well as reverse flows (see Appendix B). 

SCs operate as interconnected systems characterized by bidirectional exchanges of goods, 

information, services, financial resources, and knowledge (Harland, 2024; Bowersox et al., 

2002). This interconnectedness has become particularly evident during global crises such 

as Covid-19 or ongoing wars, where localized shortages spread across interconnected 

networks, and previously ‘nexus suppliers’ became critical (Harland, 2024). This shifted the 

competition between individual firms to competition between SCs, requiring enhanced end-

to-end coordination across organizational boundaries (Lambert et al., 1998; Becker, 2024; 

Christopher, 2016; Bowersox et al., 2002). These challenges are intensified by increasing 

globalization, longer lead times, and rising geopolitical and economic volatility, which strain 

the predictability of supply and demand within SCs (Christopher, 2016; Harland, 2024). 

Shortened product life cycles and volatile customer demand further increase the need for 

agility across procurement, production, and distribution processes (Christopher, 2016; 

Becker, 2024; Chopra & Meindl, 2016). Such dynamics contribute to phenomena such as 

the bullwhip effect, where minor demand fluctuations amplify upstream variability across 

multiple tiers (Werner, 2020; Christopher, 2016). Under these conditions, forecasting 

remains inherently uncertain, often resulting in supply-demand mismatches and operational 

inefficiencies (Christopher, 2016; Chopra & Meindl, 2016). In addition, fragmented data 

structures and incompatible information systems limit transparency and coordination across 

SC partners, thereby reinforcing systemic variability (Somapa et al., 2018; Mahmud et al., 

2021). Simultaneously, regulatory requirements related to sustainability and due diligence 



Theoretical Background  

7 

increase complexity and create tensions between efficiency and compliance objectives 

(European Union, 2022; European Union, 2024b; Federal Republic of Germany, 2021; 

Chopra & Meindl, 2016; Werner, 2020). 

Overall, SCM is characterized by increasing complexity, uncertainty, and interdependence, 

requiring adaptive and integrative management approaches. In this context, emerging 

technologies such as AI may play an essential role in addressing these challenges by 

enhancing visibility, coordination, and decision-making across SC networks. The following 

chapter therefore introduces the concept of AI and its potential in addressing these SC 

challenges. 

2.2 Artificial Intelligence 

Several future-oriented reports and discussions underscore the fact that we are at the 

beginning of a so-called ‘technology supercycle’ (Webb & Jordan, 2024; Magyar, 2025), in 

which AI forms the foundation for far more profound developments (Yee et al., 2025; Webb 

& Jordan, 2024). While the Future Today Institute in 2023 still referred to a ‘text-to-

everything’ era (Future Today Institute, 2023), Webb forecasted that based on sensor data, 

AI will make the transition from ‘words to actions’ and independently perform complex tasks 

(Webb & Jordan, 2024). Furthermore, the importance of so called ‘agentic AIs’, which will 

cooperate within network structures to make autonomous complex decisions and 

accomplish tasks more efficiently without human intervention, is growing (Yee et al., 2025; 

Webb & Jordan, 2024). These projections illustrate not only the speed of technological 

progress but also the long-term relevance of AI as a groundbreaking key technology. This 

is further confirmed by the annually published Hype Cycle for emerging technologies from 

Gartner, in which AI-related technologies continuously appear as central trends, thereby 

underlining their sustainable development and long-term significance (Gartner, 2022; 

Gartner, 2023; Gartner, 2024). 

Despite its current prominence, the term AI was already introduced in 1955 by John 

McCarthy. He was convinced that machines could be enabled, through the precise 

description of learning and intelligence, to simulate these processes and by using language, 

solve problems, form concepts, learn and adapt themselves (McCarthy et al., 1955). 

Numerous definitions of AI coexist, reflecting differing conceptions of intelligence and rapid 

technological development (Russell & Norvig, 2022; Buxmann & Schmidt, 2021). A widely 

used understanding describes AI as “computer systems designed to perform tasks that 

typically require human intelligence. These systems leverage algorithms, data, and 

computational power to recognize patterns, make decisions, and learn from experiences” 
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(Yee et al., 2025, p. 18; European Parliament, 2023). However, such broad definitions have 

been criticized for potentially attributing intelligence to systems that merely reproduce 

learned patterns (Ertel, 2025). Earlier definition attempts emphasize different aspects. 

McCarthy (2007), who introduced the term, defined AI as “the science and engineering of 

making intelligence machines” (McCarthy, 2007, p. 2). In contrast, Rich offers a more 

universal definition by stating that AI “is the study of how to make computers do things at 

which, at the moment, people are better” (Rich, 1983, as cited in Ertel, 2025, p. 2), thus 

framing AI in relative and capability-based terms. Against this background, the European 

Union’s AI Act provides a legally binding and operationally applicable definition: “’AI system’ 

means a machine-based system that is designed to operate with varying levels of autonomy 

and that may exhibit adaptiveness after deployment, and that, for explicit or implicit 

objectives, infers, from the input it receives, how to generate outputs such as predictions, 

content, recommendations, or decisions that can influence physical or virtual environments” 

(European Union, 2024a, Art. 3(1)). 

2.2.1 Distinctions and Attributes of Artificial Intelligence 

A widely recognized distinction in AI research differentiates between weak and strong AI. 

Weak AI is designed to perform specific, clearly defined tasks using computational and 

statistical methods (Buxmann & Schmidt, 2021; Hanne & Dornberger, 2017; Gursoy & Cai, 

2024). Such systems can replicate selected cognitive functions, including perception, 

navigation, translation, text and speech recognition, yet remain dependent on human 

guidance and control (Mockenhaupt & Schlagenhauf, 2024). 

Strong AI, in contrast, aims to replicate the full spectrum of human cognitive abilities 

(Buxmann & Schmidt, 2021) and potentially even exceed them (Mockenhaupt & 

Schlagenhauf, 2024; Gursoy & Cai, 2024; Hanne & Dornberger, 2017). Although often 

associated with the concept of Artificial General Intelligence (AGI), no fully developed strong 

AI currently exists, but is often regarded as a long-term aim of research (Buxmann & 

Schmidt, 2021; Mockenhaupt & Schlagenhauf, 2024; Gursoy & Cai, 2024; Hanne & 

Dornberger, 2017). There is still considerable debate about whether current models, such 

as ChatGPT, already show elements of AGI. Looking further ahead, if systems were to 

surpass human intelligence, this stage is usually described as super AI (Mockenhaupt & 

Schlagenhauf, 2024; Gursoy & Cai, 2024). Current applications therefore fall within the 

domain of weak AI. 
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Therefore, AI can be characterized by core functional capabilities. At a general level, AI 

systems interpret data, learn from experience, and apply acquired knowledge to achieve 

defined objectives in dynamic environments (Mockenhaupt & Schlagenhauf, 2024). Central 

components commonly highlighted in the literature include machine learning (ML), 

automated reasoning, natural language processing (NLP), knowledge representation, and 

perceptual capabilities (Russell & Norvig, 2022; Nilsson, 1998). 

2.2.2 Subareas of Artificial Intelligence 

AI comprises several subareas, including ML, Deep Learning (DL), and NLP. ML constitutes 

a central subfield of AI and allows systems to derive patterns and learn from data without 

explicit rule-based programming (Mitchell, 1997; Goodfellow et al., 2016; Russell & Norvig, 

2022; Géron, 2022; Buxmann & Schmidt, 2021; Murphy, 2012). Typical applications include 

classification, regression, and clustering tasks (Jo, 2021). ML can be further distinguished 

in different categories that are using labeled data for training (supervised learning), 

extracting patterns from unlabeled data (unsupervised learning) and reward-based feedback 

mechanisms to optimize actions (reinforcement learning) (Russell & Norvig, 2022; Marsland, 

2015; Mockenhaupt & Schlagenhauf, 2024; Buxmann & Schmidt, 2021).  

DL represents a subfield of ML that is built on deep artificial neural networks (ANN). By 

applying nonlinear transformations across multiple interconnected layers, such networks 

can model complex and high-dimensional relationships in datasets (Goodfellow et al., 2016; 

Hanne & Dornberger, 2017; Krizhevsky et al., 2017). However, increasing model complexity 

reduces transparency regarding how outputs are generated, giving rise to the so-called 

‘black box’ problem (Buxmann & Schmidt, 2021). Explainable AI approaches therefore seek 

to provide insights into model behavior and decision processes (Mockenhaupt & 

Schlagenhauf, 2024), although interpretability remains conceptually ambiguous and only 

partially specified in current regulation such as the European AI Act (European Union, 

2024a).  

Additionally, NLP enables the analysis and generation of human language by computers. 

Recent advances have been driven by Large Language Models (LLM), which are trained 

extensively on massive volumes of text data to predict and generate coherent language 

outputs (Jurafsky & Martin, 2026). Modern LLMs are primarily based on transformer 

architectures, whose self-attention mechanisms allow the simultaneous processing of 

contextual relationships within text sequences (Vaswani et al., 2017; Jurafsky & Martin, 

2026; Russell & Norvig, 2022). LLMs are typically pretrained on large-scale datasets using 
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self-supervised objectives and subsequently fine-tuned to improve task performance and 

alignment with human instructions, including reinforcement learning from human input 

(Ouyang et al., 2022; Jurafsky & Martin, 2026). In the context of this study, it should be noted 

that the field of AI consists of a wide range of additional methods and approaches beyond 

the concepts of ANN, ML, and DL discussed. To maintain the scope of this thesis, the focus 

has therefore been limited to fundamental aspects of AI to establish a general understanding 

of its basic principles. 

2.3 Artificial Intelligence in Supply Chain Management 

AI, with its broad range of functions and capabilities, offers promising applications in SCs, 

which are characterized by complex and dynamic challenges as outlined in Chapter 2.1. 

Reviews consistently demonstrate that applications span the entire SC (Teixeira et al., 2025; 

Culot et al., 2024; Daios et al., 2025; Richey et al., 2023; Sharma et al., 2022; Pournader et 

al., 2021; Atwani et al., 2022) and can be mapped to the processes of the SCOR model. 

Within the plan process, demand forecasting and inventory-related AI applications are 

particularly prominent (Teixeira et al., 2025; Culot et al., 2024; Daios et al., 2025; Richey et 

al., 2023; Sharma et al., 2022; Pournader et al., 2021; Atwani et al., 2022). Accurate 

forecasting is critical, as underestimation leads to stockouts while overestimation results in 

excess inventory and tied-up capital (Chopra & Meindl, 2016). While earlier reviews 

emphasize forecasting and planning, more recent studies highlight advanced DL and LLM-

based approaches, enabling improved decision-making, automation and irregular demand 

handling (Teixeira et al., 2025; Daios et al., 2025; Mediavilla et al., 2022; Saha et al., 2024). 

In the source process, AI is frequently applied to supplier selection and evaluation (Atwani 

et al., 2022; Pournader et al., 2021; Sharma et al., 2022; Culot et al., 2024; Teixeira et al., 

2025). Given the multi-criteria and strategic nature of supplier decisions (Kahraman et al., 

2003; Abdulla et al., 2023), AI-based approaches enable data-driven assessments, dynamic 

weighting of criteria, and enhanced transparency compared to traditional methods (Abdulla 

et al., 2023).  

Within the make process, AI supports production planning, scheduling, resource 

optimization, quality control and predictive maintenance (Atwani et al., 2022; Sharma et al., 

2022; Richey et al., 2023; Teixeira et al., 2025; Culot et al., 2024). Predictive maintenance 

enables failure detection based on sensor data and reduces downtime and operational costs 

(Ucar et al., 2024) and automation-oriented applications including AI-driven robotics in 

warehouse operations, are also highlighted (Daios et al., 2025).  
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The deliver process is predominantly associated with logistics and route optimization, 

warehouse management, and network analysis (Atwani et al., 2022; Richey et al., 2023; 

Teixeira et al., 2025; Daios et al., 2025; Culot et al., 2024). Conversely, applications in the 

return process focus on reverse logistics optimization and waste reduction (Teixeira et al., 

2025; Daios et al., 2025).  

Beyond SCOR-related processes, AI also acts as an overarching enabler in risk 

management and SC simulation. AI-driven analytics support threat detection, scenario 

modeling, and decision support, thereby strengthening transparency, foresight, and 

resilience (Sharma et al., 2022; Pournader et al., 2021; Baryannis et al., 2019). Additional 

applications include customer-facing tools such as chatbots (Richey et al., 2023; Daios et 

al., 2025), compliance monitoring (Richey et al., 2023), warranty forecasting (Culot et al., 

2024) and sustainability performance tracking (Teixeira et al., 2025). The identified AI 

application areas are summarized in Appendix C in detail according to the SCOR framework. 

2.4 Organizational Adoption 

This chapter establishes the theoretical foundation for investigating the factors influencing 

AI adoption intention in German SCM. It first introduces key concepts of innovation adoption 

and discusses select models that explain how adoption intentions and decisions are formed 

at the organizational level. 

The adoption of new technologies or innovations is not only a technical, but above all an 

organizational and social challenge, as innovation adoption takes place within social 

systems and is influenced by structural conditions and collective norms (Rogers, 1983; 

Venkatesh et al., 2003). The theoretical basis for understanding innovation adoption is 

provided by Rogers’ diffusion of innovations (DOI) theory. Rogers conceptualizes diffusion 

as “the process through which individuals (or other decision-making unit) passes from first 

knowledge of an innovation, to forming an attitude toward the innovation, to a decision to 

adopt or reject, to implementation of the new idea, and to confirmation of this decision” 

(Rogers, 1983, p. 165).  Accordingly, the diffusion process can be described through the 

five stages knowledge, persuasion, decision, implementation and confirmation. Moreover, 

Rogers emphasizes that in this process, attitudes toward an innovation primarily emerge 

from perceptions of its attributes (relative advantage, compatibility, complexity, trialability, 

observability) and their alignment with the decision maker’s context (Rogers, 1983). 

While this five-stage model provides a general framework applicable to different decision-

making units, Rogers (1983) emphasizes that innovation adoption within organizations 
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follows a more complex and distinct process. Organizational innovation typically progresses 

through the stages of agenda-setting and matching, followed by redefining, clarifying and 

routinizing (implementation). These stages capture how organizations identify problems and 

opportunities, evaluate the fit of an innovation, modify structures or processes to support it, 

and subsequently integrate it into routine operations (Rogers, 1983). 

Building on Rogers’ diffusion process, Frambach & Schillewaert (2002) conceptualize 

organizational adoption as a process consisting of the initiation and implementation stage, 

separated by a formal adoption decision. During the initiation phase, organizations develop 

awareness of an innovation and gain initial information. This is followed by a consideration 

phase, in which more detailed information is gathered, and key innovation characteristics 

are assessed to reduce uncertainty and form a more concrete attitude toward the innovation. 

These evaluative activities lead to an intention phase, in which assessments of the 

innovation are consolidated into a clear behavioral intention. This intention reflects the 

organization’s overall evaluation of the innovation and its perceived suitability as a response 

to organizational needs. Intention is therefore considered as a central construct and the 

nearest predictor of actual adoption behavior (Ajzen, 1991; Rogers, 1983). This logic is 

primarily provided by the Theory of Planned Behavior (TPB). According to TPB behavioral 

intention is jointly shaped by attitudes, subjective norms, and perceived behavioral control 

(Ajzen, 1991). Although the TPB was originally developed to explain individual behavior, 

prior research has extended its logic to organizational decision-making by conceptualizing 

intention as a collective construct that reflects an organization’s strategic commitment 

toward adoption (Maduku et al., 2016; Ahn & Ahn, 2020). While concerns regarding an 

intention-behavior gap have been raised (Jeyaraj et al., 2023), adoption intention remains a 

widely used construct to capture an organization’s willingness to adopt an innovation. In 

contrast, intention to use typically refers to continued usage following adoption. It should be 

noted that existing literature often does not clearly distinguish between these concepts and 

frequently applies them interchangeably when examining factors influencing adoption 

across both adopters and non-adopters (Jeyaraj et al., 2023). The initiation phase then 

culminates in an adoption or rejection decision, which corresponds to Rogers’ original 

decision stage. The adoption decision initiates the subsequent implementation phase, which 

is strongly influenced by employees’ individual acceptance and actual use of the innovation 

(Davis et al., 1989; Gallivan, 2001; Venkatesh et al., 2003). Organizational adoption can 

therefore only be considered complete when the innovation is assimilated into organizational 

routines and supported by individual-level acceptance and usage. This highlights the 
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interdependence between organizational decisions and individual behavior in the successful 

adoption of innovations.  

In line with the two-stage perspective on organizational adoption introduced above (Rogers, 

1983; Frambach & Schillewaert, 2002), this thesis defines adoption in a narrow sense as 

the “decision to make full use of an innovation as the best course of action available” 

(Rogers, 1983, p. 172). Accordingly, the organizational adoption decision entails a strategic 

commitment involving the allocation of resources and potentially encompassing changes to 

organizational structures, routines, and roles, thereby clearly extending beyond exploratory 

activities such as experimentation or feasibility testing (Rogers, 1983; Damanpour & 

Schneider, 2006). Moreover, this thesis defines adoption intention (also referred to as 

intention to adopt) as the organizational-level willingness to adopt an innovation prior to the 

formal adoption decision (Jeyaraj et al., 2023). Therefore, the organizational adoption 

process consists of a pre-adoption phase (initiation), followed by the adoption decision, 

which leads into the post-adoption phase (implementation) as illustrated in the following 

figure (Damanpour & Schneider, 2006): 

 

Figure 1: Organizational Adoption Process 

Note: Author’s own illustration adapted from Rogers (1983) and Frambach & Schillewaert (2002) 

Building on this organizational perspective, subsequent research has developed specific 

technology adoption models:   

The Technology-Organization-Environment (TOE) framework (Tornatzky & Fleischer, 1990) 

attempts to explain how organizations adopt or implement innovations and is widely used in 
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different areas and applications (Oliveira & Martins, 2011). It distinguishes three contextual 

dimensions influencing organizational innovation adoption.  

The technological context refers to both emerging technologies and existing IT 

infrastructure, which may enable or constrain adoption. The organizational context captures 

internal characteristics such available resources, organizational structure, management 

support or firm size. The environmental context includes external influences such as industry 

characteristics, competitive dynamics, and regulatory requirements. By integrating both 

internal and external drivers, the TOE model provides a comprehensive account of factors 

relevant to technology adoption at the organizational level. Importantly, TOE provides a 

flexible conceptual structure that can be adapted to specific innovations and contexts 

(Baker, 2011). 

Furthermore, individual-level technology acceptance is explained by the Technology 

Acceptance Model (TAM) model, through Perceived Usefulness (PU) and Perceived Ease 

of Use (PEOU). PU reflects the extent to which a technology enhances job performance, 

while PEOU refers to the degree to which it can be used without significant effort (Davis et 

al., 1989). Both constructs influence behavioral intention, which in turn predicts actual usage 

behavior. Although TAM focuses on individual acceptance, it highlights the importance of 

performance-related evaluations and usability perceptions for successful organizational 

adoption.  

In contrast, Venkatesh et al. (2003) developed the Unified Theory of Acceptance and Use 

(UTAUT) to integrate multiple prior acceptance models. According to UTAUT, the 

determinants performance expectancy, effort expectancy, social influence and facilitating 

conditions explain individual intention to adopt an innovation. As it integrates social norms 

and enabling conditions alongside performance perceptions, UTAUT provides a more 

comprehensive explanation of innovation acceptance within organizational contexts 

(Venkatesh et al., 2003).  

While additional theoretical perspectives on innovation adoption exist, the selected models 

provide the most relevant conceptual foundation for examining organizational AI adoption in 

the SCM context. 
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3 Literature Review 

This chapter presents an SLR to identify the influencing factors related to AI adoption in 

SCM. It first outlines the research objectives, methodological design, and then presents the 

findings through a descriptive analysis, followed by a thematic synthesis. The SLR provides 

the conceptual foundation for the subsequent empirical analysis of this thesis. 

3.1 Research Design 

The SLR in this thesis follows the systematic review guidelines proposed by Tranfield et al. 

(2003), which provide a standardized and transparent approach for developing evidence-

based synthesis in management research. The review process consists of the stages 

planning, conducting, and reporting (Tranfield et al., 2003). The planning stage defines the 

underlying research questions, the applied search strategy and inclusion and exclusion 

criteria for this research (see Chapters 3.2 and 3.3). The conducting stage involves a 

systematic search, screening and evaluation of studies, and documentation according to 

PRISMA guidelines (Page et al., 2021). In the reporting stage, findings are synthesized to 

identify influencing factors related to AI adoption in SCM (see Chapter 3.5). The review 

integrates findings from both quantitative and qualitative empirical studies, enabling the 

synthesis of empirically validated factors and context-specific insights.  

To ensure methodological transparency, an internal review protocol was developed, which 

is described in detail in the following chapters. 

3.2 Research Objectives and Questions 

The main objective of the following SLR is to provide a comprehensive understanding of 

factors influencing AI adoption in SCM. It enables the identification of recurring factors, 

inconsistencies, and contextual variations across studies, thereby establishing a knowledge 

base for the subsequent empirical analysis in the German context. The SLR aims to answer 

the following research questions:  

RQ2: “Which influencing factors related to AI adoption in SCM are identified in existing 

scientific literature?” 

RQ3: “How can the identified factors be organized and synthesized to provide a structured 

overview of AI adoption in SCM?” 
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3.3 Review Methodology  

Following Tranfield et al. (2003), transparency and reproducibility were ensured through 

explicit documentation of data sources, applied search strategies, inclusion and exclusion 

criteria. 

3.3.1 Data Sources 

The literature review was performed using the Web of Science (WoS) Core Collection. This 

database was selected because of its established reputation for indexing peer-reviewed and 

high-quality journals and covers a wide range of information systems, SCM, and operations 

management related research. Moreover, the database supports the transparent citation 

tracking and reproducibility of the search process. 

3.3.2 Search Strategy 

Defining an appropriate search strategy is a critical step in a SLR, as it determines the 

comprehensiveness and validity of the evidence base. According to Petticrew & Roberts 

(2006), an effective search strategy must achieve the balance between sensitivity and 

specificity. Therefore, this review adopted an iterative, concept-based approach guided by 

the PICOC framework (population, intervention, comparison, outcome, context) as proposed 

by Booth et al. (2016). Search terms were grouped into conceptual blocks using Boolean 

operator OR and subsequently combined using AND. Initial search configurations, which 

combined population-related terms with detailed AI, adoption, and SCM subprocess 

keywords, yielded more than 100.000 records. This result reflected the conceptual range of 

AI research in SCM. Through iterative refinement and sensitivity testing, the search string 

was narrowed to four thematic blocks aligned with adapted PICOC dimensions.  

The AI block (intervention) included overarching AI-related terms, as more specific technical 

keywords primarily returned algorithm-focused studies unrelated to adoption. The SCM 

block (context) incorporated the top-level SCOR subprocesses to capture the diversity of AI 

applications across SCM activities. The adoption block (outcome one) combined general 

adoption-related terms with constructs derived from TAM, UTAUT, TOE, and DOI to capture 

both individual and organizational perspectives. Terms such as adoption, implementation, 

and usage, were intentionally included, as these concepts are frequently used 

interchangeably in the literature. In addition, anticipated implementation challenges may be 

conceptualized as perceived aspects of the innovation, influencing adoption decisions 

(Rogers, 1983). The factor block (outcome two) comprised classical terms for positive and 
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negative determinants to identify research explicitly discussing influencing factors. To 

enhance thematic precision, adoption- and SCM-related terms were restricted to the title 

field, while AI and factors terms were searched within the topic field (title, abstract, 

keywords). This configuration ensured that retrieved studies explicitly addressed AI adoption 

in SCM while maintaining conceptual breadth through SCOR-related subprocesses. A 

detailed overview of the applied search keywords is provided in Appendix D. 

3.3.3 Inclusion and Exclusion Criteria 

This thesis applied predefined inclusion and exclusion criteria during the screening and 

selection process, to ensure reproducibility and transparency. Included studies examined 

factors influencing AI adoption, acceptance, implementation, or integration within SCM at 

the organizational, individual, or managerial level and explicitly referred to SCOR-related 

subprocesses. Eligible publications were restricted to peer-reviewed journal articles indexed 

in the WoS Core Collection, written in English, and published between 2015 and 2025. The 

temporal restriction reflects the marked increase in Big Data research since 2015, followed 

by AI adoption (Khanfar et al., 2024; Hakami et al., 2025). SLRs and meta-analyses were 

excluded to avoid duplication of synthesized evidence. Studies focusing exclusively on 

technical model or algorithm development without addressing adoption aspects were also 

excluded. Furthermore, studies lacking methodological transparency or full-text availability 

were excluded. The inclusion and exclusion criteria, as summarized in Table 2, guided the 

systematic filtering of studies retrieved from the WoS database. 

Table 2: Inclusion and Exclusion Criteria of Screening and Selection Process 

Inclusion Criteria Exclusion Criteria 

IC1: The study addresses factors, drivers, barriers, or 
determinants influencing AI adoption, acceptance, 
implementation, or integration in the SCM context on 
organizational, individual, or managerial adoption level. 

EC1: The study does not refer to the SCM context or a 
sub-process according to the SCOR framework. 

IC2: The study is classified as a peer-reviewed journal 
article. 

EC2: The study is a SLR or meta-analysis. 

IC3: The study is written in English. EC3: The study focuses solely on technical model or 
algorithm development without addressing adoption- or 
acceptance-related aspects. 

IC4: The study was published between 2015-2025. EC4: The study lacks methodological transparency or 
sources. 

 EC5: The study is not available in full text through open 
or institutional access. 
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3.4 Study Identification and Selection  

The identification and selection process followed PRISMA guidelines (Page et al., 2021), 

where relevant studies are identified, screened, and assessed for eligibility to conclude with 

a final inclusion.  

3.4.1 Identification of Studies 

The database search was conducted in October 2025 using the finalized search string 

described in Chapter 3.3.3. The search was pre-restricted to articles and review articles 

published in English between 2015 and 2025. The final search returned a total of n = 1,638 

records from WoS. 

3.4.2 Screening and Eligibility 

After removal of one duplicate, all records were imported into Excel for screening. First, the 

titles were reviewed to exclude studies clearly unrelated to AI or SCM. In the second stage, 

abstracts were assessed for relevance to AI adoption in SCM. In the third stage, full texts 

were evaluated against all predefined inclusion and exclusion criteria. Additionally, forward 

and backward snowballing were conducted following Wohlin (2014) to identify further 

relevant studies. All newly identified papers were subsequently assessed using the same 

inclusion and exclusion criteria. 
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3.4.3 Inclusion of Final Studies 

The overall procedure of the conducted SLR is outlined in the following figure: 

 

            

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Note: Author’s own illustration adapted from Page et al. (2021) 
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Figure 2: PRISMA Flow Chart of the Study Selection Process 
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3.5 Data Synthesis 

In the following chapter, the studies identified as relevant through the SLR screening 

process are first analyzed based on their descriptive characteristics and subsequently 

examine regarding their findings on the identified AI adoption factors in the SCM context. 

Table 3: List of Reviewed Studies with Assigned Item Numbers 

Item Study Item Study 

[1] Pan et al. (2025) [11] van Hoek (2024) 

[2] Chatterjee et al. (2021) [12] Nitsche et al. (2023) 

[3] Alnipak & Toraman (2025) [13] Singh et al. (2023) 

[4] Pillai et al. (2022) [14] Nozari et al. (2022) 

[5] Usmani et al. (2023) [15] Fries et al. (2025) 

[6] Falayi et al. (2025) [16] Mishra et al. (2023) 

[7] Fosso Wamba et al. (2024) [17] Fries & Ludwig (2024) 

[8] Chen et al. (2025) [18] Rad et al. (2025) 

[9] Wang & Pan (2022) [19] Cannas et al. (2023) 

[10] Dey et al. (2023)   

3.5.1 Descriptive Analysis 

Following Tranfield et al. (2003), key characteristics of the selected studies, such as 

geographical distribution, authorship patterns, and methodological approaches are 

analyzed to provide an overview of the current literature and to identify general research 

trends. 

3.5.1.1 Countries and Publication Years 

All reviewed studies were published between 2021 and 2025, indicating a recent and rapidly 

growing academic interest in AI adoption related to SCM. While earlier research on AI in 

SCM has largely concentrated on technological aspects such as algorithm and system 

development, the studies identified in this review increasingly emphasize the organizational 

and individual factors influencing the adoption and implementation of these technologies. 

This trend may reflect a broader digital transformation momentum that has accelerated in 

recent years, further driving academic interest in understanding how AI technologies are 

adopted within SCs. 
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Figure 3: Distribution of the Reviewed Studies by Publication Year (2021–2025) 

Most studies were conducted in India and China, followed by Germany and Türkiye. Single 

studies were carried out in the USA and UK, France, Spain, Iran, Nigeria, Vietnam, Italy, 

and within an international context. Overall, Figure 4 shows a regional concentration of 

empirical research in Asia.   

 

Figure 4: Distribution of Studies by Country 

3.5.1.2 Journals 

The reviewed studies were published across a diverse set of journals. The International 

Journal of Production Research (n = 3) accounts for the largest share, followed by Computer 

Supported Cooperative Work – The Journal of Collaborative Computing and Work Practices 

(n = 2), Sustainability (n = 2), and Supply Chain Management: An International Journal (n = 

2). The remaining studies were published in a variety of other journals, such as the 

International Journal of Computer Applications. Overall, the distribution of journals indicates 

a strong anchoring of the topic in the field of SCM, while also covering different academic 

disciplines, such as sustainability and information management. In addition, the variation in 

SCImago Journal Rank (SJR) values (ranging from .309 to 3.472) demonstrates that the 
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reviewed studies were published in both highly ranked and more specialized journals, 

reflecting a balanced mix of top-tier and niche research journals. 

Table 4: Distribution of the Reviewed Studies by Journal 

Journal Title Count SJR 

Technological Forecasting and Social Change 1 3.472 

Review of Managerial Science 1 2.316 

International Journal of Production Research 3 2.242 

Production Planning & Control 1 2.198 

Supply Chain Management: An International Journal 2 2.117 

International Journal of Logistics Research and Applications 1 1.452 

Operations Management Research 1 1.424 

Sensors 1 .764 

Sustainability 2 .688 

Systems 1 .579 

Computer Supported Cooperative Work - The Journal of Collaborative Computing 

and Work Practices 
2 .549 

Logforum 1 .309 

Migration Letters 1 - 

International Journal of Computer Applications 1 - 

 

3.5.1.3 Co-Authorships 

To determine the co-authorships of the reviewed studies, VosViewer was used to illustrate 

relationships between the authors. Of the total 61 identified authors, only eight were 

connected through joint publications. Figure 5 illustrates the co-authorship network of the 

analyzed studies. This illustration indicates a low level of collaboration among the analyzed 

studies and within the research field of AI adoption in SCM. The few existing connections 

are concentrated around two small author clusters. 

 

Figure 5: Co-Authorship Network of the Reviewed Studies 
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3.5.1.4 Data Collection Methods 

Most studies employed quantitative survey designs using structured questionnaires with 

Likert scales (n = 13). Other approaches include qualitative interviews combined with 

observations [15;17], simulations [18], expert assessments [12;13], and direct interviews 

with companies [19]. In general, several mixed-method approaches were applied in the 

reviewed studies (n = 2). For instance, [18] combined quantitative data from simulations with 

qualitative interviews, while [17] also linked qualitative insights from interviews with 

quantitative sales figures to evaluate the performance of an ML forecast. Overall, the 

methodological landscape is dominated by quantitative survey-based research, suggesting 

that the field is still in an early stage of empirical maturity with limited qualitative or 

longitudinal insights into adoption dynamics. 

Table 5: Data Collection Methods Used in the Reviewed Studies 

Data Collection method Count Item 

Survey 13 [1];[2];[3];[4];[5];[6];[7];[8];[9];[10];[11];[14];[16] 

Qualitative interviews and observations 2 [15];[17] 

Delphi study 1 [12] 

Qualitative interviews and simulations 1 [18] 

Expert evaluation 1 [13] 

Semi-structured interviews 1 [19] 

3.5.1.5 Research Designs 

For factor extraction, studies were categorized according to the methodological section from 

which adoption factors were derived. In mixed-method studies, the respective research 

design of the section containing the extracted factors was used for categorization. This 

approach ensured that the classification accurately reflects the methodological origin of the 

identified factors rather than the overall research design of the study. 

Table 6: Research Design Used for Factor Extraction of the Reviewed Studies 

Research design Count Item 

Quantitative 14 [1];[2];[3];[4];[5];[6];[7];[8];[9];[10];[11];[13];[14];[16] 

Qualitative 5 [12];[15];[17];[18];[19] 

3.5.1.6 Research Areas 

Most studies are anchored in the field of Business & Economics (n = 7) and in Engineering 

(n = 4), followed by Operations Research & Management Science (n = 3), Computer Science 

(n = 3) as well as Science & Technology - Other Topics and Environmental Sciences & 

Ecology (each n = 2). Only a few studies originate from the social sciences, public 
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administration, or interdisciplinary research areas such as Industry 4.0 Supply Chain. This 

distribution indicates that the research focus in the examined studies lies primarily within 

economically and technically oriented disciplines (see Table 7). 

Table 7: Distribution of Research Areas among the Reviewed Studies 

Research Area Count 

Business & Economics 7 

Engineering 4 

Operations Research & Management Science 3 

Computer Science 3 

Science & Technology - Other Topics 2 

Environmental Sciences & Ecology 2 

Social Sciences - Other Topics 1 

Public Administration 1 

Industry 4.0 Supply Chain: From Connectivity Provisioning, Data Management to Cyber Resilience 1 

3.5.1.7 Citation Analysis 

The citation analysis was conducted with the help of WoS database statistics, referring to 

the total number of citations across all databases. As shown in Table 8, the reviewed studies 

show considerable variation in citation counts, ranging from zero to 439 citations. Only a few 

studies have already achieved notable academic visibility, whereas most papers have 

received relatively few citations so far. This pattern reflects the novelty of the research 

domain, as the papers were published between 2021 and 2025 and therefore not yet had 

sufficient time to accumulate citations. 

Table 8: Citation Analysis of the Reviewed Studies 

Item Citation frequency Item Citation frequency 

[2] 439 [9] 16 
[4] 140 [12] 13 
[10] 115 [11] 10 
[1] 105 [5] 4 
[7] 102 [17] 3 
[19] 88 [8] 3 
[14] 68 [18] 2 
[15] 66 [3] 1 
[13] 30 [6] 0 
[16] 18   
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3.5.2 Thematic Analysis 

The selected studies were analyzed thematically with regard to research focus, theoretical 

models, SCOR processes, contextual differences, emerging themes, research gaps, and 

influencing AI adoption factors related to the SCM context. A structured overview is provided 

in the Appendix E. 

3.5.2.1 Research Focus 

Beyond methodological differences, the identified studies primarily differ in their research 

focus. A central stream focuses on explaining AI adoption in SCM related contexts, primarily 

aiming to identify the factors that drive or hinder adoption at the organizational and individual 

level. These studies predominantly apply quantitative models to examine adoption decisions 

and usage intentions across firms and users (Chatterjee et al., 2021; Pillai et al., 2022; 

Usmani et al., 2023; Falayi et al., 2025; Alnipak & Toraman, 2025; Chen et al., 2025). 

A second stream addresses drivers and barriers for AI adoption implementation, mainly 

analyzing why adoption remains limited or problematic in practice. Using expert-based, 

analytical, and qualitative approaches, these studies investigate technological, 

organizational, regulatory, and human-related impediments that support or complicate 

successful AI deployment and therefore serve as insightful factors that also may influence 

the adoption decision (Singh et al., 2023; Nozari et al., 2022; Mishra et al., 2023; Rad et al., 

2025; Fries & Ludwig, 2024; Cannas et al., 2023). Beyond adoption-oriented research 

several studies examine the outcomes of AI adoption, focusing not only on the adoption 

decision but also on the effects of AI on SC performance, resilience and agility (Pan et al., 

2025; Wang & Pan, 2022; Dey et al., 2023).  

Finally, a smaller body of literature adopts an exploratory perspective, focusing on early-

stage adoption, maturity levels, and initial application experiences of AI in SC contexts. 

These studies aim to provide an overview of emerging use cases, adoption patterns, and 

unresolved challenges in practice (Fosso Wamba et al., 2024; van Hoek, 2024; Nitsche et 

al., 2023; Fries et al., 2025). 

3.5.2.2 SCOR processes 

Overall, it can be stated that considerable variation in terms of the SCOR processes are 

addressed. Many studies explicitly examine end-to-end SCM and therefore all SCOR 

processes are addressed, particularly research on AI-driven resilience, performance, or 

broader assessments of adoption across industries (Pan et al., 2025; Usmani et al., 2023; 
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Falayi et al., 2025; Dey et al., 2023; Nitsche et al., 2023; Wang & Pan, 2022). A substantial 

share, however, focuses on the make processes of SCOR, including work conducted in the 

manufacturing sector (Chatterjee et al., 2021; Pillai et al., 2022; Cannas et al., 2023) and in 

production planning environments (Fries et al., 2025). Other studies primarily analyzed plan 

processes, particularly in the context of forecasting and production planning (Chen et al., 

2025; Fries & Ludwig, 2024). The deliver processes, specifically warehouse order picking, 

is also addressed by Rad et al. (2025). Logistics processes spanning source, deliver, and 

return are examined by Alnipak & Toraman (2025), where studies such as from van Hoek 

(2024) concentrated exclusively on the source processes. 

Overall, the literature demonstrates a substantial thematic and process-related diversity 

ranging from broad quantitative studies in the manufacturing sector to explanatory single-

case analyses in food retailing and explorative investigations on generative AI (GAI). This 

results in a heterogeneous picture of AI adoption in the SCM context, including both 

established, industry-driven SCs and innovative, data-intensive or highly domain-specific 

environments. 

3.5.2.3 Research models 

Moreover, the reviewed studies can be grouped into four main research streams. A subset 

of the reviewed studies explicitly applies established adoption models, with a clear 

dominance of TOE-based frameworks. 

Four studies build on TOE either as a standalone model or in combination with 

complementary theories. Pillai et al. (2022) and Usmani et al. (2023) employ integrated 

TOE-DOI frameworks, embedding diffusion-related characteristics within the technological, 

organizational, and environmental contexts. Falayi et al. (2025) rely on a pure TOE 

framework. Chatterjee et al. (2021) extend TOE by integrating TAM, linking organizational 

conditions with individual-level technology perceptions. Beyond TOE, several studies apply 

alternative or non-TOE theoretical lenses to explain AI adoption or its effects. Alnipak & 

Toraman (2025) combine TPB and TAM (including trust) to analyze GAI acceptance at the 

individual level, while Chen et al. (2025) integrated TPB and Task-Technology-Fit (TTF) to 

examine how task-technology fit shapes adoption intention on the individual level. Wang & 

Pan (2022) merge TOE and Resource-Based-View (RBV) to conceptualize AI-related 

capabilities as strategic resources.  

The reviewed model driven adoption studies can be systematically grouped according to 

their focus along the AI adoption process. First, several studies focus exclusively on non-
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adopters and examine factors shaping the intention or initial decision to adopt AI, thereby 

capturing pre-adoption evaluations and perceived drivers or barriers of organizational 

(Chatterjee et al., 2021) and individual adoption (Alnipak & Toraman, 2025; Chen et al., 

2025). Second, a smaller stream targets adopters only, aiming to emphasize drivers or 

barriers for the organizational adoption based on concrete adoption experience (Usmani et 

al., 2023; Falayi et al., 2025). Third, a distinct mixed-grouped perspective combines 

organizational non-adopters, planned adopters, and early adopters and simultaneously 

addresses initial adoption intentions as well as continued willingness to adopt AI, thereby 

conceptualizing adoption as an ongoing process in organizations (Pillai et al., 2022; Wang 

& Pan, 2022). 

Overall, the reviewed model driven studies reflect a comprehensive understanding of 

influencing factors for the organizational adoption in the SCM context, by integrating 

anticipatory evaluations by non-adopters and experience-based assessments from early-

adopters. 

Table 9: Adoption Models, Level, Dependent Variable, Adoption Stage and Research Design of the 

Reviewed Studies 

Item Adoption Model Research Level Dependent variable Research design 

[6] TOE Organizational AI-driven SCM Quantitative 

[4] TOE & DOI Organizational Adoption intention & potential use Quantitative 

[5] TOE & DOI Organizational [Decision for] AI implementation Quantitative 

[2] TOE & TAM Organizational/Individual Intention to adopt Quantitative 

[9] TOE & RBV Organizational Willingness to adopt AI Quantitative 

[3] TAM & TPB Individual Intention to use Quantitative 

[8] TTF & TPB Individual Intention to adopt GAI technology Quantitative 

 

In contrast, the remaining studies do not apply established adoption models but follow 

exploratory, empirical, or socio-technical approaches, focusing on early-stage adoption, 

maturity, and implementation experiences. Such experiences are not merely post-adoption 

outcomes, as they generate learning effects that shape subsequent adoption decisions 

(Saghafian et al., 2021). For non-adopters, anticipated implementation challenges may 

function as perceived barriers influencing initial adoption decisions and expectations 

regarding feasibility, risk, and organizational readiness (Rogers, 1983). Accordingly, 

implementation-related findings were included in the analysis, as they inform perceived and 

anticipated barriers relevant to the adoption decision. The following table summarizes the 

research level, adoption focus, and applied research design of the studies:  
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Table 10: Levels, Focus, Adoption Stage and Research Design of the Reviewed Studies 

Item Research Level Adoption Focus Research design 

[10] Organizational AI usage Quantitative 

[7] Organizational Early-stage AI adoption maturity; benefits & challenges Quantitative 

[13] Organizational Barriers to AI adoption  Quantitative 

[14] Organizational Challenges of AI implementation Quantitative 

[15] Organizational/Individual Socio-technical AI implementation & use experiences Qualitative 

[17] Organizational/Individual Socio-technical implementation & use experiences Qualitative 

[18] Organizational/Individual Benefits, challenges and success factors of AI 
implementation 

Qualitative 

[19] Organizational Benefits & challenges of AI implementation Qualitative 

[1] Organizational AI usage Quantitative 

[11] Organizational Readiness, benefits & barriers to AI adoption Quantitative 

[12] Organizational Use-case evaluation & barriers to AI adoption Qualitative 

[16] Organizational/Individual Barriers to AI adoption Quantitative 

3.5.3 Quantitative Insights on Influencing Factors related to AI Adoption 

To systematically extract the factors influencing AI adoption in SCM, the reviewed studies 

were first categorized into quantitative and qualitative research designs (see Chapter 

3.5.1.5). This separation ensured methodological consistency and prevented the overlap of 

empirically validated factors with exploratory insights.  

The extraction of factors followed a two-step deductive-inductive approach (Mayring, 2014). 

First, factors were deductively structured according to their adoption level. Organizational-

level factors were assigned to the dimensions of the TOE framework, while individual-level 

factors were documented separately. In a second step, an inductive consolidation was 

applied within these levels by identifying conceptual commonalities and synthesizing related 

factors into higher-order categories. These categories were labeled based on shared 

meaning rather than predefined theoretical terminology. 

For quantitative studies involving hypothesis testing, factor extraction was based on the 

exact constructs and their operationalization as reflected in the measurement items. This 

required cross-study comparison to assess if authors used conceptually similar terms and 

whether they referred to equivalent underlying constructs. In studies employing causal-

analytic approaches such as Fuzzy DEMATEL only the causal driving factors were 

extracted. Factors tested but found to be non-significant were retained, as their relevance 

may vary across geographical and organizational contexts. In contrast, factors mentioned 

only narratively in quantitative studies were not extracted, as they lacked empirical 

validation. 
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This approach ensured that the resulting synthesis accurately reflects validated constructs 

and maintains the conceptual clarity and explanatory strength of the original studies. The 

labels of the higher-order categories were derived from conceptual similarities among the 

extracted factors and subsequently aligned with terminology commonly used in the adoption 

literature.  

Table 11 presents the resulting concept matrix, following Webster & Watson (2002), which 

synthesizes the identified organizational factors influencing AI adoption within the SCM 

context:  

Table 11: Influencing Factors Related to Organizational AI Adoption 

Dimension Factor [1] [2] [4] [5] [6] [7] [9] [10] [11] [13] [14] [16] Count 

Technological 

Technological 
Readiness 

✓ ✓ ✓ ✓ ✓    ✓ ✓ ✓  8 

AI-Complexity  ✓  ✓  ✓    ✓ ✓ ✓ 6 

Benefits  ✓ ✓ ✓  ✓ ✓      5 

Compatibility  ✓ ✓ ✓  ✓   ✓    5 

Costs   ✓ ✓  ✓   ✓ ✓   5 

Cybersecurity 
Concerns 

        ✓ ✓ ✓  3 

Organizational 

Employee 
Capability 

    ✓ ✓  ✓ ✓  ✓  5 

Management 
Support 

 ✓  ✓ ✓   ✓ ✓    5 

Organizational 
Resources 

 ✓    ✓  ✓ ✓    4 

Environmental 

Market 
Complexity 

   ✓ ✓  ✓   ✓ ✓  5 

External Support  ✓ ✓ ✓   ✓  ✓    5 

Competitive 
Pressure 

 ✓ ✓ ✓ ✓        4 

Government 
Support   ✓ ✓  ✓    ✓   4 

 

Across the reviewed studies, technological readiness is conceptualized as the fundamental 

technological backbone required for deploying and operating AI systems, typically 

encompassing IT systems, data integration, connectivity, and existing digital systems 

(Usmani et al., 2023; Chatterjee et al., 2021; Falayi et al., 2025; van Hoek, 2024), as well 

as the availability of IT-related human expertise (Pillai et al., 2022; van Hoek, 2024). 

Moreover, broader digital IT capabilities, including the ability to integrate third-party digital 

solutions, access digital services, ensure digital data storage and provide high-speed 

internet connectivity are emphasized, thereby capturing both system integration and digital 
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maturity (Pan et al., 2025; van Hoek, 2024). When sufficiently developed, these capabilities 

support and amplify AI adoption and its performance by reducing implementation constraints 

(Pan et al., 2025; Chatterjee et al., 2021; Usmani et al., 2023; Falayi et al., 2025), whereas 

deficiencies in infrastructure, connectivity, or technical capability constitute obstacles to 

adoption and implementation (van Hoek, 2024; Singh et al., 2023; Nozari et al., 2022). 

While technological readiness determines whether organizations are technically able to 

deploy AI technologies, the literature further highlights AI benefits as a central motivational 

driver of AI adoption. These benefits reflect an overarching expectation of operational and 

strategic value creation, encompassing efficiency and productivity gains, quality 

improvements, cost reductions, competitive positioning, and new value opportunities within 

SCM processes (Chatterjee et al., 2021; Pillai et al., 2022; Usmani et al., 2023; Wang & 

Pan, 2022). Beyond these economic and performance-related effects, the literature 

emphasizes AI’s intrinsic functional capabilities, such as enhanced decision support, 

improved risk control, and increased process automation, which enable SCM organizations 

to manage the complexity and uncertainty of their business more effectively (Wang & Pan, 

2022; Fosso Wamba et al., 2024). Consequently, benefits arise from the interaction of 

technological-economic improvements and AI-specific functional capabilities, jointly 

strengthening organizations’ motivation to adopt AI in SCM. 

Beyond expected benefits, compatibility emerges as a enabler of AI adoption and describes 

the degree to which AI technologies fit with an organization’s existing systems, processes, 

and SCM workflows (Chatterjee et al., 2021; Pillai et al., 2022; Usmani et al., 2023). 

Compatibility thus captures whether AI can be integrated into established organizational and 

SCM structures without requiring extensive technological or cultural change. In contrast, a 

lack of compatibility manifests through integration difficulties, particularly when AI 

technologies must face rigid legacy systems or highly standardized processes, thereby 

hindering adoption (van Hoek, 2024; Fosso Wamba et al., 2024). Overall, the literature 

indicates that compatibility functions as an enabler for adoption when AI aligns smoothly 

with existing digital and operational environments but becomes a barrier when substantial 

system adaptations or interoperability efforts are required. 

In addition to compatibility, financial and economic considerations influence AI adoption. 

Costs are broadly conceptualized as financial burdens associated with AI adoption (Fosso 

Wamba et al., 2024), encompassing investment, implementation, operational, and 

maintenance expenses that increase the perceived risk and difficulty of adopting AI solutions 

(Pillai et al., 2022; Usmani et al., 2023; van Hoek, 2024). This cost consideration ranges 
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from immediate financial outlays related to acquisition and implementation to more 

economic aspects, such as uncertainty regarding returns on investment and ongoing 

maintenance obligations (Singh et al., 2023) that can influence AI adoption. 

Beyond cost-related constraints, AI-complexity represents a barrier to AI adoption 

(Chatterjee et al., 2021; Usmani et al., 2023) and is associated with increased uncertainty 

through insufficient data quality and availability, accuracy concerns, biases and errors 

(Fosso Wamba et al., 2024), uncertain processing and functions of AI algorithms (Singh et 

al., 2023), lack of contextual awareness (Mishra et al., 2023; Nozari et al., 2022) and ethical 

concerns (Fosso Wamba et al., 2024). As a result, difficulties in understanding, trusting, and 

translating AI outputs into actionable insights may limit organizations’ willingness to rely on 

AI in operational and strategic SCM processes. 

Furthermore, cybersecurity concerns constitute an additional barrier to AI adoption. Risks 

related to data breaches, privacy violations, and system vulnerabilities undermine 

organizational trust in AI systems and may reduce organizations’ intention to rely on AI 

technologies (van Hoek, 2024; Singh et al., 2023; Nozari et al., 2022). 

From the organizational related perspective of TOE, management support consistently 

emerges as a key organizational enabler of AI adoption in the SCM contexts. Active top 

management commitment, reflected in resource allocation, strategic guidance, and the 

creation of supportive conditions such as skills development and cultural readiness are 

widely discussed as strengthening both organizations’ willingness and capability to adopt AI 

(Usmani et al., 2023; Falayi et al., 2025; Dey et al., 2023). Managerial support is further 

associated with more positive beliefs regarding the usefulness and value of AI, thereby 

facilitating individual adoption decisions (Chatterjee et al., 2021). Conversely, limited 

leadership support impedes AI adoption (van Hoek, 2024). Overall, Management Support 

functions as a critical enabling condition at both the organizational and individual level.  

Building on this foundational role of management support, employee capabilities constitute 

a key enabler of AI adoption in SCM by determining organizations’ ability to understand, 

apply and operate AI technologies. Relevant capabilities range from general digital skills 

(Falayi et al., 2025) to advanced AI-related competencies such as cross-functional expertise 

and AI-supported decision-making abilities (Dey et al., 2023). Conversely, limited AI 

familiarity, resistance to technological change, and shortages of qualified professionals are 

reported to undermine organizational sensemaking and readiness, which may constrain AI 

adoption (van Hoek, 2024; Fosso Wamba et al., 2024; Nozari et al., 2022). 



Literature Review  

32 

Complementing employee capabilities, organizational resources further influence the 

circumstances under which AI can be successfully adopted, as an employee-focused 

organizational culture can foster learning and individual acceptance of AI (Dey et al., 2023; 

Falayi et al., 2025). Moreover, a general digital engagement supports successful adoption 

(van Hoek, 2024). In addition, the availability of training resources supports the development 

of internal AI capabilities and facilitates adoption (Chatterjee et al., 2021; Wang & Pan, 2022) 

while insufficient training structures constitute a structural barrier (Fosso Wamba et al., 

2024). 

As outlined in Chapter 2.1, the SCM context is characterized by high dynamism and 

environmental uncertainty. Accordingly, in the environmental context, market complexity 

constitutes a relevant factor influencing AI adoption in SCM, reflecting volatile demand, 

shifting market conditions, and increasing complexity of SCM environments. In dynamic and 

uncertainty settings, AI adoption is facilitated when organizations perceive AI to enhance 

responsiveness, resilience, and information processing capabilities (Wang & Pan, 2022; 

Falayi et al., 2025). At the same time, environmental uncertainty can also constrain AI 

adoption when unstable market conditions, fragmented stakeholders, or project-based 

structures increase data integration challenges, perceived risks, and investment uncertainty, 

thereby reducing organizations’ willingness to adopt AI (Singh et al., 2023; Usmani et al., 

2023). Overall, the findings indicate that environmental uncertainty exerts a dual influence 

on AI adoption, acting as either a driver or barrier depending on organizational context and 

implementation conditions.  

Beyond the market complexity in SCM contexts, competitive dynamics act as central drivers 

of AI adoption in SCM, as competitive and external pressure motivate firms to keep pace 

(Pillai et al., 2022; Falayi et al., 2025) and by creating opportunities to outperform industry 

rivals (Usmani et al., 2023; Chatterjee et al., 2021). 

While competitive dynamics create pressure to adopt AI in SCM, external support shapes 

firms’ ability to respond to this pressure. External support, particularly from technology 

vendors, partners, and SC collaborators, acts as a positive driver of AI adoption by providing 

technical expertise, integration guidance, and implementation know-how, thereby reducing 

uncertainty and assimilation barriers (Pillai et al., 2022; Usmani et al., 2023; Chatterjee et 

al., 2021; van Hoek, 2024). In addition, SC collaboration enhances AI-driven SCM by 

enabling information exchange and coordinated digital initiatives across SC actors (Wang & 

Pan, 2022).  
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Government and legal conditions also represent an environmental factor of AI adoption, 

primarily through policy incentives and regulatory frameworks. Supportive government 

measures, such as funding programs, incentives and institutional backing can facilitate AI 

adoption by reducing perceived risks and easing access to financial and organizational 

resources (Usmani et al., 2023), although their direct effect on adoption intention appears 

context-dependent (Pillai et al., 2022). In parallel, regulatory and legal frameworks strongly 

shape AI adoption by creating either enabling or constraining conditions, as regulatory 

complexity, governance uncertainty, and unresolved legal issues related to transparency, 

bias and data protection are consistently identified as major barriers to AI adoption (Fosso 

Wamba et al., 2024; Singh et al., 2023).  

This review further demonstrates the relevance of human-related factors for AI adoption in 

SCM, as successful implementation at the organizational level depends on human-AI 

collaboration, integration and user acceptance. Table 12 presents the resulting concept 

matrix, following Webster & Watson (2002), which synthesizes the identified individual 

factors influencing AI adoption within the SCM context:  

Table 12: Influencing Factors Related to Individual AI Adoption 

Factor [2] [3] [8] [16] Count 

Attitude  ✓ ✓ ✓ 3 

PU ✓ ✓ ✓  3 

PEOU ✓ ✓   2 

Behavioral Control  ✓ ✓  2 

Social Influence  ✓ ✓  2 

 

Attitude constitutes a core determinant of behavioral intention in TAM and consistently 

emerges as a strong driver of individual AI adoption. Favorable attitudes toward AI 

significantly increase adoption intention (Alnipak & Toraman, 2025) while attitudes also 

mediate the effects of task-technology fit on adoption (Chen et al., 2025). In contrast, 

skepticism toward AI accuracy and opaque algorithmic behavior fosters unfavorable 

attitudes that hinder adoption (Singh et al., 2023; Nozari et al., 2022), particularly under 

conditions of low familiarity and uncertainty about AI decision logic (Mishra et al., 2023). 

This highlights that organizational-level complexity and capability gaps may translate into 

unfavorable individual attitudes toward AI.  

PU, a central TAM construct, consistently emerges as one of the strongest drivers of 

individual AI adoption. PU directly increases individual adoption (Chatterjee et al., 2021; 

Alnipak & Toraman, 2025) and indirectly reinforces adoption through its positive effect on 
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attitudes (Alnipak & Toraman, 2025). Moreover, the perceived task-technology fit, referring 

to the alignment between AI capabilities and SCM task requirements enhances PU and 

thereby strengthens individual adoption (Chen et al., 2025). Organizational and 

technological conditions may therefore indirectly influence adoption outcomes by shaping 

individual usefulness perceptions (Chatterjee et al., 2021; Chen et al., 2025). PEOU, defined 

as the degree to which individuals believe that using technology will be without effort (Davis 

et al., 1989), also contributes to individual AI adoption in SCM. PEOU strengthens favorable 

attitudes and facilitates acceptance of AI-enabled systems (Alnipak & Toraman, 2025; Chen 

et al., 2025). Furthermore, organizational and technological conditions, such as AI-

complexity, technological readiness, and partner support, influence ease-of-use 

perceptions, thereby linking organizational context to individual adoption outcomes 

(Chatterjee et al., 2021). 

In contrast, perceived behavioral control does not exhibit a significant effect on individual AI 

adoption in early adoption stages, suggesting that control-related perceptions may become 

more relevant during later implementation and use phases (Chen et al., 2025). Social 

influence show mixed effects. Social influence can positively shape attitudes toward AI by 

signaling peer and organizational approval (Alnipak & Toraman, 2025). However, subjective 

norms may not necessarily exert a direct effect on adoption intention, particularly when 

technical fit or individual capabilities are more salient (Chen et al., 2025). 

3.5.4 Qualitative Insights on Influencing Factors related to AI Adoption 

The qualitative studies were systematically screened, and adoption-related factors were 

identified and extracted from the text. These factors were subsequently labeled and 

assigned to the categories previously derived from the quantitative analysis. The qualitative 

insights thus serve as an additional interpretive layer to the factors derived from quantitative 

analysis, enriching the empirical patterns, revealing underlying explanatory mechanisms, 

and highlighting contextual aspects that remain insufficiently captured by quantitative 

studies.  

Each factor was assigned a functional role (complementary, explanatory, contextualizing, or 

critical). Based on the studies [12], [15], [17], [18] and [19], the following additional insights 

were derived:  
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Table 13: Qualitative Insights on Organizational AI Adoption Factors 

Level Factor [12] [15] [17] [18] [19] 

Organizational 

Technological 
Readiness 

Complementary  Complementary   

Benefits  Complementary 
& Explanatory 

 Complementary Complementary 

Compatibility    Complementary 
& 
Contextualizing 

Complementary 

Costs Complementary    Complementary 

AI-Complexity Complementary Complementary 
& Explanatory 

Complementary  Complementary 

Cybersecurity 
Concerns 

   Critical  

Employee 
Capability 

Complementary Complementary Complementary  Complementary 

Management 
Support 

  Complementary 
& Explanatory 

Complementary  

Organizational 
Resources 

Complementary Contextualizing  Complementary Complementary 

Market 
Complexity 

  Complementary   

External Support    Complementary Complementary 

Individual Attitude Contextualizing Explanatory   Complementary 

 

The reviewed qualitative studies largely confirm the organizational and individual adoption 

factors derived from the quantitative literature, including technological readiness, benefits, 

compatibility, costs, AI-complexity, employee capability, management support, 

organizational resources, market complexity, external support and attitude (see Appendix 

H).  

Compatibility is contextualized as an organizational rather than purely technical issue, as 

qualitative evidence highlights the need for process re-engineering when AI solutions do not 

fit existing SCM workflows (Rad et al., 2025). AI-complexity is further explained through 

limitations in AI systems’ ability to capture holistic planning dependencies, which reinforces 

uncertainty and constrains trust despite high technical performance (Fries et al., 2025).  

Benefits are illustrated through concrete value-creation mechanisms, such as AI-enabled 

rework prediction, demonstrating how technical capabilities translate into operational 

improvements and risk reduction (Fries et al., 2025). Cybersecurity and legal factors are 

critically reflected, as qualitative findings indicate that strong data governance, regulatory 

clarity, and transparent compliance structures may function as enabling conditions rather 

than barriers to adoption (Rad et al., 2025). 

Moreover, studies show that management support may be constrained by negative 

managerial attitudes, indicating that strategic decisions are themselves influenced by 
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individual-level perceptions (Fries et al., 2025) and underscoring the need for multi-level 

adoption perspectives that explicitly account for managerial factors. 

Qualitative evidence also deepens the understanding of individual-level resistance. 

Perceived threats to worker expertise and established routines reinforce skepticism and 

reduce trust in AI-supported decision-making, particularly when technical transparence is 

limited or algorithmic decision logic remains opaque (Fries et al., 2025). Organizational 

resources and individual attitudes are therefore contextualized through participatory AI 

design and human-centered implementation approaches (Fries et al., 2025), as well as the 

broader requirement for sustainable human-machine coexistence (Nitsche et al., 2023). 

These findings emphasize that AI adoption in SCM requires not only a technological 

transformation but also the alignment between technical capabilities, organizational 

structures, and humans, thereby representing a socio-technical process. 

3.5.5 Summary and Findings 

Across the reviewed 19 studies, a relatively consistent pattern of factors influencing AI 

adoption in the SCM context emerges at both the organizational and individual levels, 

thereby contributing to answering RQ2 of this thesis.  

Considering the organizational context of TOE, technological readiness, compatibility, and 

benefits consistently appear as central enablers and drivers, whereas costs, AI-complexity, 

and cybersecurity concerns are frequently discussed as technological barriers. 

Management support, employee capabilities, and organizational resources are commonly 

associated with higher organizational readiness and more favorable adoption conditions. 

Within the environmental context, market complexity and competitive dynamics are 

repeatedly identified as relevant external drivers, while stakeholder support may enable 

firms to respond more effectively to these pressures. Government incentives and regulatory 

frameworks appear to exert an ambivalent influence, potentially facilitating adoption but also 

constraining it through regulatory uncertainty and legal risks.  

The qualitative evidence largely confirms the relevance of these factors and does not 

indicate additional factor categories beyond those identified in quantitative literature, 

suggesting a certain degree of robustness and contextual completeness of the synthesized 

factors related to AI adoption in SCM.  

Beyond consolidation, the SLR suggests the need for AI-specific conceptual refinement. 

While existing adoption models capture general technological characteristics, they appear 

to reflect AI-specific properties, such as data quality requirements, explainability, bias, 
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ethical concerns, and cybersecurity risks, only partially. The synthesis therefore indicates 

that factors such as AI-complexity may play a particularly critical role, as they potentially 

affect both organizational and individual levels of adoption.  

Moreover, the reviewed literature suggests that external pressure in SCM is often discussed 

in relation to the interplay between market complexity and competitive dynamics rather as 

isolated environmental factors. The findings further imply the importance of assessing 

employee skills, development potential, and training resources, as well as evaluating 

compatibility not solely from a technical perspective but also from process- and employee-

related viewpoints. These observations suggest that organizational structures and human 

factors may jointly condition AI adoption decisions in the SCM context. 

At the individual level, PU, PEOU and attitudes consistently emerge as influential drivers of 

individual adoption. Importantly, the synthesis indicates that organizational and individual 

factors are interrelated. Organizational conditions appear to shape individual perceptions, 

while individual acceptance may influence organizational-level adoption outcomes 

(Gallivan, 2001; Frambach & Schillewaert, 2002). Despite this interdependence, existing 

SCM studies predominantly examine determinants in isolation, leaving integrated multi-level 

and multi-perspective adoption models largely underexplored. Future research may 

therefore benefit from empirically testing models that jointly examine organizational and 

individual mechanisms across adoption stages.  

Figure 6 provides an integrative overview of the organizational-level factors discussed in the 

literature and structures them into enabling, driving and inhibiting factors related to AI 

adoption in SCM, thereby addressing RQ3 of this thesis. While the focus remains on the 

organizational level, the figure indicates potential links to the individual level without implying 

empirically validated cross-level effects.  



Literature Review  

38 

 

Figure 6: Integrative Overview of Organizational AI Adoption Factors 

Note: Author’s own illustration 

Regarding theoretical foundations, TOE and DOI frameworks continue to appear suitable 

for analyzing organizational AI adoption, as they capture structural and environmental 

conditions in the SCM context. At the individual level, TAM-based models remain frequently 

applied and theoretically relevant. The findings therefore suggest the potential value of 

integrating TOE, DOI, and TAM in future multi-level adoption research.  

The SLR also reveals methodological limitations in the existing literature. Prior studies 

employ heterogeneous operationalizations of adoption-related factors, limiting 

comparability. Notably, only Chatterjee et al. (2021) exclusively examine non-adopter 

organizations, and none of the reviewed SCM studies differentiate between distinct adoption 

stages. This observation reinforces the need, highlighted by Frambach & Schillewaert 

(2002), to analyze adoption across separate adoption stages.   

Finally, the SLR points to a substantial geographical research gap. Despite comparatively 

low AI adoption rates and heterogeneous adoption intentions observed in German SCM 

organizations, empirical evidence for this context remains limited. As adoption factors may 

vary across national and SC contexts, examining organizational adoption intention within 

German SCM appears to be a relevant step toward better understanding persistent low 

adoption rates. Focusing on non-adopter organizations may provide a theoretically 

grounded and feasible entry point for advancing this research stream. 
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4 Development of the Conceptual Framework 

This chapter presents the conceptual framework guiding the empirical analysis of 

organizational AI adoption intention in the German SCM context. It introduces the 

conceptual framework and formulates hypotheses for the subsequent empirical analysis. 

Building on the influencing factors identified in the SLR, a conceptual framework is required 

to systematically structure and explain the factors of AI adoption intention in the SCM 

context. The TOE framework provides a well-established and flexible structure for analyzing 

organizational technology adoption by accounting for technological, organizational and 

environmental contexts. Complementing TOE with characteristics derived from DOI theory 

enables the assessment of perceived innovation attributes relevant to adoption decisions 

(Oliveira & Martins, 2011). This perspective therefore captures both structural conditions 

and perceived technological characteristics that jointly shape organizational adoption 

intentions. 

The factor definitions are adapted and specified based on established adoption theory and 

recent empirical SCM and AI studies, ensuring conceptual rigor and contextual relevance. 

The following section introduces the conceptual model and derive the corresponding 

hypotheses explaining organizational AI adoption intention in the German SCM context. 

The framework is illustrated in the figure below:  

 

Figure 7: Conceptual Framework for Organizational AI Adoption Intention 

Note: Author’s own illustration 
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4.1 Technological Context 

As outlined in Chapter 3.5, the main influencing technological factors of AI adoption in SCM 

include technological readiness, compatibility, costs, benefits, AI-complexity, and 

cybersecurity concerns. 

4.1.1 Technological Readiness 

In line with established TOE literature, technological readiness is generally described as the 

degree to which an organization is equipped with the technological infrastructure and 

technical expertise required to implement digital innovations (Zhu et al., 2006). Across the 

reviewed SCM studies, higher technological readiness emerges as a critical enabling 

condition, as it enhances organizations’ ability to deploy and operate AI technologies and 

reduces technical implementation constraints (Usmani et al., 2023; Chatterjee et al., 2021; 

Falayi et al., 2025; Pillai et al., 2022). Conversely, insufficient technical infrastructure and 

expertise may inhibit effective AI implementation (van Hoek, 2024; Singh et al., 2023; Nozari 

et al., 2022). Accordingly, Technological Readiness is expected to positively influence AI 

adoption intention. 

Hypothesis HT1.1: Technological Readiness positively influences the AI adoption intention 

of SCM organizations in Germany.  

4.1.2 Compatibility 

According to established TOE literature, compatibility captures the extent to which AI aligns 

with existing values, beliefs (Rogers, 1983), established processes and technological 

infrastructures (Chatterjee et al., 2021; Pillai et al., 2022). Across the reviewed SCM studies, 

higher compatibility facilitates AI adoption by enabling integration into established IT 

environments, work practices and organizational routines, thereby increasing organizations’ 

willingness to adopt AI (Chatterjee et al., 2021; Pillai et al., 2022; Usmani et al., 2023). 

Accordingly, Compatibility is expected to positively influence AI adoption intention. 

Hypothesis HT1.2: Compatibility positively influences the AI adoption intention of SCM 

organizations in Germany. 

4.1.3 Costs 

Adoption literature frequently approaches cost considerations through a “cost-effectiveness” 

(Premkumar, 1999, p. 471) logic, meaning that organizations evaluate the financial burden 
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of a technology relative to its expected benefits. However, SCM-related AI studies highlight 

multiple cost components requiring a broader conceptualization. In this thesis, perceived 

costs refer to the financial requirements for acquiring, implementing and maintaining AI 

systems (Pillai et al., 2022; Usmani et al., 2023; van Hoek, 2024; Singh et al., 2023; Fosso 

Wamba et al., 2024). Across the reviewed studies, both direct financial investments and 

indirect economic uncertainties increase perceived risk and may reduce the financial 

feasibility of AI adoption (Pillai et al., 2022; Usmani et al., 2023; van Hoek, 2024; Singh et 

al., 2023; Fosso Wamba et al., 2024). Consequently, Costs are expected to negatively 

influence AI adoption intention. 

Hypothesis HT1.3: Costs negatively influence the AI adoption intention of SCM 

organizations in Germany. 

4.1.4 Benefits 

According to Rogers relative advantage is “the degree to which an innovation is perceived 

as being better than the idea it supersedes” (Rogers, 1983, p. 15). This perceived superiority 

may take economic, performance-related, social or other forms of advantage, depending on 

adopter characteristics and the nature of the innovation. Building on this conceptual 

foundation in the SCM and AI context, the factor Benefits refers to the expected operational, 

strategic or functional advantages that AI technologies offer. Across the reviewed studies, 

the perceived AI benefits consistently act as a key motivational driver of AI adoption, as 

anticipated efficiency gains, cost reductions, competitive advantages, and AI-specific 

functional capabilities increase organizations’ adoption intention (Chatterjee et al., 2021; 

Pillai et al., 2022; Usmani et al., 2023; Wang & Pan, 2022; Fosso Wamba et al., 2024). 

Accordingly, Benefits are expected to positively influence AI adoption intention. 

Hypothesis HT1.4: Benefits positively influence the AI adoption intention of SCM 

organizations in Germany. 

4.1.5 AI-Complexity 

Standard adoption literature defines complexity as the “degree of difficulty associated with 

understanding and learning to use an innovation” (Premkumar, 1999, p. 471), which creates 

uncertainty in the implementation process and thereby can create perceived risks in the 

adoption decision stage (Premkumar, 1999; Maduku et al., 2016). AI, however, introduces 

a distinct form of complexity rooted in its inherent technical characteristics.  
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AI systems depend on high-quality data, can contain opaque algorithmic processing, may 

generate biased or inaccurate outputs, and often lack contextual transparency in the SCM 

context (Culot et al., 2024; Jöhnk et al., 2021). These characteristics increase uncertainty 

regarding reliability, explainability, and practical usability. As a result, organizations must 

assess whether their data foundations and AI explainability are sufficient for operational 

requirements (Fosso Wamba et al., 2024; Singh et al., 2023; Mishra et al., 2023). 

Accordingly, AI-Complexity is expected to negatively influence AI adoption intention. 

HT1.5: AI-Complexity negatively influences the AI adoption intention of SCM organizations 

in Germany. 

4.1.6 Cybersecurity Concerns 

Cybersecurity concerns refers to the prevention of risks by cyberattacks, data breaches and 

privacy intrusions associated with AI systems (Nikiforova et al., 2025), which create 

uncertainty and reduce organizational trust in their use. In the SCM context, such concerns 

constrain AI adoption by reducing organizations’ willingness to rely on AI in SC processes, 

as heightened exposure to cyber threats weakens confidence in AI-enabled technologies 

(van Hoek, 2024; Singh et al., 2023; Nozari et al., 2022). Accordingly, Cybersecurity 

Concerns are expected to negatively influence AI adoption intention. 

Hypothesis HT1.6: Cybersecurity Concerns negatively influence the AI adoption intention 

of SCM organizations in Germany. 

4.2 Organizational Context 

As outlined in Chapter 3.5, the main organizational factors of AI adoption in SCM include 

employee skills, management support and organizational supporting resources and culture. 

4.2.1 Management Support 

In line with TOE literature, management support refers to top leadership commitment and 

resources that create a supportive environment for technology adoption (Premkumar, 1999; 

Wang et al., 2010 as cited in Low & Chen, 2011). By providing a strategic direction, enabling 

supporting conditions through skills development and cultural readiness and allocating 

resources, management support facilitates AI adoption (Chatterjee et al., 2021; Usmani et 

al., 2023; Falayi et al., 2025; Dey et al., 2023). Accordingly, Management Support is 

expected to positively influence AI adoption intention. 
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Hypothesis HO2.1: Management Support positively influences the AI adoption intention of 

SCM organizations in Germany. 

4.2.2 Organizational Capability 

Many adoption studies conceptualize organizational readiness or competency in terms of 

financial capacity and IT-related resources (Gangwar et al., 2015; Ajili Ben Youssef et al., 

2025; Faustine & Rachmawati, 2024), thereby paying limited attention to employee 

capabilities that may shape adoption intention (Maduku et al., 2016). In contrast, Zhong & 

Moon (2023) emphasize employee capability as a central organizational factor, arguing that 

employees’ skills, knowledge, and training conditions fundamentally influence technology 

adoption success. The reviewed SCM studies similarly indicate that employee capabilities 

and organizational resources constitute key evaluation criteria in AI adoption decisions, as 

sufficient skills, readiness, and learning support are required for effective AI deployment 

(Falayi et al., 2025; Dey et al., 2023; Chatterjee et al., 2021).  

Building on Amit & Schoemaker (1993), capabilities refer to a firm’s ability to merge 

resources through organizational processes to achieve desired outcomes. Therefore, 

building on the SCM evidence, the factor organizational capability conceptualizes the factors 

employee capability and organizational resources as a combined facilitating factor relevant 

for AI adoption intention. 

Hypothesis HO2.2: Organizational Capability positively influences the AI adoption intention 

of SCM organizations in Germany. 

4.3 Environmental Context 

As outlined in Chapter 3.5, the main environmental factors of AI adoption in SCM include 

external pressure, stakeholder support, government and legal conditions. 

4.3.1  External Pressure 

The reviewed studies suggest that external pressure in SCM arises primarily from 

competitive dynamics and increasing market complexity. Competitive pressure motivates 

firms to adopt AI in order to sustain or improve their competitive positioning (Pillai et al., 

2022; Usmani et al., 2023; Falayi et al., 2025; Chatterjee et al., 2021). Simultaneously, 

growing SC volatility and information complexity increase the perceived need for AI-enabled 

solutions (Wang & Pan, 2022; Falayi et al., 2025). Accordingly, these pressures may 

constitute a relevant environmental driver of AI adoption. 
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Hypothesis HE3.1: External Pressure positively influences the AI adoption intention of SCM 

organizations in Germany. 

4.3.2 External Support 

External support can be defined as “the availability of support for implementing and using 

an information system” (Premkumar, 1999, p. 472). External support constitutes a key 

enabler of AI adoption in SCM, as vendor and partner assistance reduce uncertainty and 

assimilation barriers through technical expertise, collaboration and knowledge transfer, 

while SC collaboration further facilitates AI adoption by enabling information exchange and 

coordinated digital initiatives (Pillai et al., 2022; Usmani et al., 2023; Chatterjee et al., 2021; 

Wang & Pan, 2022). Accordingly, External Support is expected to positively influence AI 

adoption intention. 

Hypothesis HE3.2: External Support positively influences the AI adoption intention of SCM 

organizations in Germany. 

4.3.3  Government support 

In line with established TOE literature, government support refers to regulatory and policy 

actions taken by the government that shape the institutional environment for technology 

adoption (Zhu et al., 2006). This includes establishing regulatory frameworks, shaping a 

trustworthy technological environment and the provision of financial or strategic incentives 

that lower uncertainty and encourage innovation uptake. Recent AI adoption research 

similarly emphasizes the role of institutional support in reducing perceived risks and 

strengthening organizations’ intention to adopt emerging technologies (Ajili Ben Youssef, 

2025; Faustine & Rachmawati, 2024). Within the SCM context, supportive government 

incentives and clearly defined regulations may also facilitate AI adoption, whereas 

unresolved legal and regulatory uncertainties hinder it (Usmani et al., 2023; Fosso Wamba 

et al., 2024; Singh et al., 2023). Therefore, perceived adequacy of government and legal 

framework conditions is expected to positively influence AI adoption intention.  

Hypothesis HE3.3: Government Support positively influences AI adoption intention of SCM 

organizations in Germany. 
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5 Quantitative Research 

This chapter draws on the developed conceptual framework to empirically examine the 

factors influencing AI adoption intention in German SCM organizations. It outlines the 

research questions, the target population, the questionnaire design, and the sampling 

approach. Subsequently, the empirical results are analyzed using descriptive and inferential 

statistics.  

5.1 Research Objectives and Questions 

Building on the observed concentration of German SCM organizations in early AI adoption 

stages and the heterogeneity of intentions to advance toward a strategic long-term adoption 

decision, this study addresses the limited empirical evidence on influencing factors of AI 

adoption intention in the German SCM context. Adoption intention is conceptualized as the 

dependent variable, as it represents a widely accepted and as the nearest predictor of actual 

adoption behavior (Ajzen, 1991; Frambach & Schillewaert, 2002; Rogers, 1983). In this 

thesis, adoption intention (also referred to as intention to adopt) refers to the organizational-

level willingness of non-adopter organizations to adopt AI before the formal adoption 

decision, as proposed by Jeyaraj et al. (2023). In addition, the empirical analysis aims to 

provide an insight about the current AI adoption status of German SCM organizations and 

the identification of AI applications, that are currently in use or under consideration. In 

addition to the overarching research question RQ1, the following supplementary research 

questions are addressed:  

RQ4: “Where do German SCM organizations currently position themselves within the 

organizational AI adoption process?” 

RQ5: “Which AI applications are currently applied or considered for adoption in SCM?” 

RQ6: “How do influencing factors differ across pre-adoption stages?” 

5.2 Research Design 

The following chapter outlines the selected population and questionnaire development to 

address the underlying research questions. 

5.2.1 Population 

Following Phillips (1981), organizational attributes cannot be directly observed and must 

therefore be obtained through qualified key informants possessing relevant knowledge and 

role-specific insight. In SCM contexts, managerial professionals fulfill this criterion, as they 
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are involved in evaluating and shaping technology adoption decisions. Although Gallivan 

(2001) critiques purely top-down adoption perspectives, he acknowledges that managerial 

decision-makers remain central in authority-based adoption processes. Accordingly, 

managerial SCM respondents constitute theoretically appropriate key informants for 

assessing organizational AI adoption intentions. To ensure the inclusion of knowledgeable 

informants, the questionnaire applied screening criteria requiring respondents to occupy a 

managerial role in the SC area within a German organization and to have more than one 

year of experience in this position (Phillips, 1981). As this study adopts a pre-adoption focus, 

only organizations that had not yet made a final AI adoption decision were included in the 

hypothesis testing. In line with Rogers (1983) and Frambach & Schillewaert (2002), non-

adopters refer to organizations that have not decided to adopt AI. This includes 

organizations that are aware of AI (initiation), consider AI for adoption (consideration), 

evaluate and assess AI for adoption (intention), including tests and experiments to decrease 

uncertainty. By contrast, adopters refer to organizations that have already made an adoption 

decision or are partly or extensively using AI in their SC processes (Rogers, 1983). 

Nevertheless, responses from adopter organizations were collected and used to 

contextualize and describe the current AI adoption landscape in German SCM context, 

rather than being included in the hypothesis testing. 

5.2.2 Structure of the Questionnaire 

At the beginning of the survey, participants were introduced to the study purpose and the 

applied definition of AI technologies. The survey is structured into four main sections. The 

first section captures contextual information on the respondents SC domain, identifying the 

SCOR process area in which the respondent operates and confirming whether the 

organization is located in Germany. Further exclusion criteria regarding their managerial 

position and role-specific experience are applied to obtain qualified key informants. In 

addition, organizational characteristics like the industry and company size are collected. The 

second section assesses the organization’s AI adoption status by identifying its current 

stage within the AI adoption process. For organizations that evaluate, decide or actively use 

AI, additional questions capture the AI use cases to provide deeper insights into the adoption 

landscape in German SCM. An exclusion criterion terminates the survey if a final AI adoption 

has already been made, as the study focuses on pre-adoption organizations. The third 

section measures the conceptual framework structured to the TOE framework to reduce 

cognitive load. Matrix-based statements were evaluated using a five-point Likert scale from 

one (strongly disagree) to five (strongly agree). Five-point scales are widely accepted 
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capturing perceptual constructs (Likert, 1932) and provide adequate variance and reliability 

while minimizing cognitive burden to respondents (Preston & Colman, 2000; Dawes, 2008). 

A six-point scale was avoided, as forced directional choices may bias responses from non-

adopter organizations with limited AI experience (Krosnick, 1991). The measurement items 

were adapted to the SCM context from established AI and technology adoption studies to 

ensure construct validity and contextual fit (see Appendix I). Four items per factor were used 

to balance reliability and respondent effort (DeVellis, 2017). All factors were measured 

perceptually provided by key informants, consistent with prior adoption research (Rogers, 

1983). The term ‘organization’ refers to an overall organizational perspective, whereas 

‘supply chain processes’ refer to the respondent’s specific area of responsibility. Brief 

explanatory notes were provided to ensure consistent interpretation.  

5.2.3 Sampling Method 

The survey was distributed using a targeted dissemination strategy based on non-probability 

sampling, as this approach enables efficient access to knowledgeable key informants in the 

SCM context. Specifically, purposive and snowball sampling were applied through targeted 

outreach to SCM managers and their contacts, while convenience sampling resulted from 

voluntary participation via LinkedIn (Ahmed, 2024). However, non-probability sampling may 

entail self-selection and sampling bias (Ahmed, 2024), thereby limiting generalizing the 

findings to the wider population of German SCM organizations. At the same time, this 

approach targeted managers with relevant SC expertise and organizational responsibility 

while also capturing organizations with varying levels of AI awareness, including those that 

have not yet actively considered AI. 

5.2.4 Sample Size Determination 

The required sample size was calculated by performing an a-priori power analysis for 

multiple linear regression analysis. Following Cohen (1988) and recent adoption research 

(Abulail et al., 2025; Marfo et al., 2023), a significance level of � = 0.05, a power of .80, and 

a medium effect size f2 = .15 were selected. Accounting for 12 variables, the power analysis 

indicates a minimum required sample of n = 127 complete observations (Hemmerich, 2019). 

5.2.5 Sample Overview 

The survey was open from December 19 to February 17, 2026, and resulted in 113 

respondents. The following table presents an overview of the response characteristics: 
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Table 14: Sample Overview 

Sample Count 

Total 113 
Excluded based on non-SCM function 4 
Excluded based on non-managerial role 9 
Excluded based on non-role experience 1 
Excluded post-adopters 16 
Incomplete pre-adopters 9 
Only opened 7 
Complete 67 

 

The regression analysis was conducted using the 67 complete pre-adopter responses. As 

the collected sample is substantially below the required sample size to reach enough 

statistical power for the specified model, the results must be interpreted with caution. 

Nevertheless, the sample size is exceeding the recommended minimum threshold of a ratio 

of 5:1 (Hair et al., 2019). The 16 excluded post-adopters were only analyzed descriptively 

to contextualize AI applications in German SCM.   

5.3 Statistical Analysis 

The following chapter performs descriptive statistics on the collected sample, examines the 

gathered information in detail, assesses the underlying assumptions of regression analysis, 

and presents the results of the regression models. 

5.3.1 Demographic Statistics 

Among the 67 complete pre-adopter responses, most participants are employed in medium-

sized companies (38.81%), and small to mid-sized companies (34.33%), followed by large 

enterprises with more than 5.000 employees (20.90%). A smaller proportion (5.97%) 

represents companies with 50-249 employees. No organization in the sample employes 

fewer than 50 employees. Most respondents operate in manufacturing (26.87%), followed 

by the category ‘Other’ (31.34%), construction (14.93%), and retail and e-commerce 

(8.96%). Additional sectors include transportation and logistics services (5.97%), wholesale 

and distribution (5.97%), agriculture, food and natural resources (2.99%), engineering 

(1.49%) and utilities and energy supply (1.49%). Of the responses categorized as ‘Other’, 

71.42% provided specific industry descriptions, including construction and real estate 

development, gardening equipment, crane and construction technology, plastics 

processing, healthcare and nursing services, medical technology, optics, semiconductor 

manufacturing and defense. Due to the applied screening criteria, 97.01% of respondents 

hold senior management positions and 2.99% occupy executive management roles. With 
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regard to experience in their current position, 31.34% report 6-10 years, 28.36% report 3-5 

years, 26.87% report 1-2 years, and 13.43% report more than 10 years, indicating a 

substantial professional experience across the sample. Respondents primarily operate in 

end-to-end SCM (37.31%), followed by sourcing (22.39%), deliver (14.93%), plan (13.43%), 

make (10.45%), and return (1.49%). Thus, all SCOR processes are represented. 

Participants were instructed to choose the adoption stage that best describes the current 

status of AI adoption within their SCM function. Among the 67 pre-adopter respondents, 

50.75% are in the consideration stage (initial consideration without active evaluation), 

34.33% are in the awareness stage (general awareness without concrete consideration), 

and 14.93% are in the intention stage (active evaluation, optional pilots or experiments). 

Considering the full sample (n = 113), two respondents report having made an adoption 

decision without implementation, thirteen report routine AI use in selected SC processes, 

and one reports widespread routinized usage. Overall, the distribution indicates that German 

SCM organizations remain in early adoption stages, with only a small proportion classified 

as post-adopters. The descriptive statistics of the sample are summarized in the following 

table:  

Table 15: Demographics of Respondents (n = 67) 

Demographics Characteristics Count Percentage 

Company Size 50 - 249 employees 4 5.97% 
250 - 999 employees 23 34.33% 
1.000 - 4.999 employees 26 38.81% 
> 5.000 employees 14 20.90% 

Sector Agriculture, Food & Natural Resources 2 2.99% 
Mining & Raw Materials 0 0.00% 
Construction 10 14.93% 
Manufacturing 18 26.87% 
Engineering 1 1.49% 
Wholesale & Distribution 4 5.97% 
Retail & E-Commerce 6 8.96% 
Transportation & Logistics Services 4 5.97% 
Utilities & Energy Supply 1 1.49% 
Public Sector 0 0.00% 
Other 21 31.34% 

Position Executive Management 2 2.99% 
Senior Management 65 97.01% 

Experience 1-2 years 18 26.87% 
3-5 years 19 28.36% 
6-10 years 21 31.34% 
> 10 years 9 13.43% 

SCOR Plan 9 13.43% 
Source 15 22.39% 
Make 7 10.45% 
Deliver 10 14.93% 
Return 1 1.49% 
End-to-end SCM 25 37.31% 

Adoption Stage Awareness 23 34.33% 
Consideration 34 50.75% 
Intention 10 14.93% 
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Of the 67 respondents, 26.86% voluntary reported AI use cases currently considered, 

evaluated, or tested. The following statements were reported across the consideration and 

intention stages and were partially translated from German into English: 

Table 16: Reported Use Cases Across the Consideration and Intention Stage 

SCOR process Description 

Plan “1. Demand forecast 2. Dynamically inventory and safety stocks” 

Source “Classically, tools such as Copilot and internal document bots (which can exclusively 

access internal documents)” 

“The Supply Chain Due Diligence Act poses certain challenges for our organization; 

therefore, the implementation of an AI-based tool could be beneficial.” 

“Network and footprint optimization, as well as make-or-buy and nearshoring decisions 

supported by AI” 

“Coupa for autonomous procurement” 

Make “Quality control production” 

“Fully automated production planning” 

“Anomaly detection in production based on data analytics” 

“Predictive maintenance and production planning supported by AI-based forecasting” 

Deliver “We previously planned to develop a roadmap outlining digital initiatives for our functional 

area and to present it to executive management. However, due to internal complications, 

this initiative has been significantly delayed, and at present, no short-term changes are 

anticipated” 

Return - 

End-to-end SCM “Currently, no concrete initiatives have been evaluated yet, but we occasionally gather 

information and also like to discuss digitalization or AI internally :)” 

“I occasionally inform myself about such topics and try to stay up to date regarding 

potential developments (e.g., through newsletters, which are often received via email, or 

LinkedIn groups); however, at present, no specific initiatives come to mind” 

“No explicit use cases are considered noteworthy” 

“Delivery date forecasting within an integrated software solution.” 

“Customer service bot: Incoming internal orders and inquiries are to be processed and 

answered by the bot in order to reduce email traffic and long response times for internal 

stakeholders. At present, however, the department is uncertain whether such a solution 

would generate tangible added value or be accepted by customers. 

“AI-supported supply chain ‘tower’” 

“S&OP Tool with different AI functions” 

“-Dispatch: automation and planning - Planning and control” 

 

The reported use cases span across the full range of SCOR processes. They include 

analytical AI applications, such as demand forecasting, as well as software solutions 

incorporating AI functionalities in sourcing and planning. In addition, respondents report fully 

automated planning functions within production processes, end-to-end SC monitoring 

systems, and GAI applications, including customer service chatbots and internal 

applications such as Copilot. One respondent explicitly linked AI consideration to regulatory 

pressure stemming from the German SC Due Diligence Act, highlighting AI’s perceived 



Quantitative Research  

51 

supportive role in managing compliance complexity. Furthermore, the responses suggest 

that although several participants demonstrate clear interest in AI, internal constraints or the 

absence of identified uses cases currently hinder further progress. With regard to the use 

cases reported by post-adopters, analytical AI applications such as demand and inventory 

forecasting within the SCOR plan step are mentioned. In addition, AI-supported software 

solutions in sourcing and delivery, as well as the monitoring of production processes, are 

described. Notably, one respondent reports the use of a self-developed forecasting model 

for delivery time prediction (see Appendix J). The reported use cases illustrate the diversity 

and varying levels of complexity of AI applications within the SCM.  

5.3.2 Reliability Analysis 

To ensure the reliability and internal consistency of the developed measurement instrument, 

the Cronbach’s alpha was calculated for each variable. Cronbach’s alpha examines the 

degree to which multiple factor questionnaire items are interrelated, thereby providing an 

estimate of internal consistency reliability (Hair et al., 2019). Values of .70 or higher are 

generally considered acceptable (Nunnally & Bernstein, 1994), whereas coefficients below 

.70 suggest limited reliability (Swanson & Holton, 2005). 

The highest Cronbach’s alpha was observed for the dependent variable Intention to Adopt 

(α = .950). The lowest reliability values were found for Government Support (α = .691) and 

External Support (α = .705). For Government Support, removing individual items did not 

meaningfully increase Cronbach’s alpha. Given the coefficient is close to the commonly 

accepted threshold and that the scale was derived from validated measures, all items were 

retained. Nevertheless, results related to this variable should be interpreted with caution due 

to its comparatively lower reliability. All remaining variables demonstrated reliability levels 

above .70, indicating sufficient internal consistency of the measurement instrument (see 

Appendix K). 

5.3.3 Descriptive Statistics 

The descriptive statistics indicate moderate mean values across all independent variables, 

ranging from 2.679 to 3.716 on the five-point Likert scale. Benefits exhibit the highest mean 

(M = 3.716, SD = .884), followed by Compatibility (M = 3.358, SD = .995), and External 

Pressure (M = 3.325, SD = .751). In contrast, Government Support shows the lowest mean 

(M = 2.679, SD = .441), suggesting comparatively weaker perceived institutional support 

and relatively low variance in responses. The largest standard deviations were observed for 
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Compatibility (SD = .995) and Management Support (SD = .917), indicating higher 

dispersion in these variables (see Appendix L). 

The dependent variable Intention to Adopt (M = 3.189, SD = 1.149) indicates a moderate 

tendency toward AI adoption within this sample. The relatively high standard deviation 

suggests considerable heterogeneity in adoption intentions across respondents. Across 

adoption stages, a clear upward pattern is observable. Intention to Adopt increases from the 

awareness stage (M = 2.768, SD = .901) to consideration (M = 3.245, SD = 1.280) and 

reaches its highest level in the intention stage (M = 3.967, SD = .745). Variability is highest 

in the consideration stage and lowest in the intention stage, suggesting more homogenous 

adoption intentions among respondents in more advanced stages (see Appendix L).  

5.3.4 Correlation Analysis 

The following chapter analyzes the correlations between the dependent and independent 

variables, as well as the intercorrelations among the independent variables, for the overall 

pre-adopter sample. 

The analysis reveals several significant associations between the dependent variable 

Intention to Adopt and the independent variables (see Appendix M). Intention to Adopt is 

positively and significantly correlated with Technological Readiness (r = .400, p < .001), 

Compatibility (r = .465, p < .001), Benefits (r = .385, p = .001), Organizational Capability (r 

= .436, p < .001) and Management Support (r = .451, p < .001). In contrast, Costs (r = -.121, 

p = .329), AI-Complexity (r = -.219, p = .075), Cybersecurity Concerns (r = -.069, p = .578), 

External Pressure (r = .083, p = .505), External Support (r = .210, p = .088) and Government 

Support (r = -.230, p = .062) do not show significant relationships with AI adoption intention. 

The absence of significant negative associations for Costs, AI-Complexity, and 

Cybersecurity Concerns indicate that these factors are not strongly related to the adoption 

intention in the overall sample. Likewise, non-significant correlations for External Support 

and Government Support suggest that adoption intention is not closely associated with 

external enabling conditions. However, these findings should be interpreted cautiously 

because of the limited sample size. 

Among the independent variables, moderate intercorrelations are observed, particularly 

between Organizational Capability and Compatibility (r = .523, p < .001), Organizational 

Capability and Management Support (r = .466, p < .001), Technological Readiness and 

Management Support (r = .428, p < .001), as well as Technological Readiness and 

Organizational Capability (r = .434, p < .001). These patterns indicate that technological 
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preparedness, organizational capabilities, and management support tend to co-occur and 

may reflect an overarching dimension of organizational readiness for AI adoption. Overall, 

the correlation pattern suggests that AI adoption intention is more strongly related to internal 

technological and organizational factors than to environmental factors. However, 

correlations do not imply causality and serve as a preliminary assessment before regression 

analysis (Swanson & Holton, 2005).  

5.3.5 Multiple Linear Regression 

The following chapter examines the assumptions underlying the regression analysis and 

subsequently presents the regression results. 

The statistical method multiple linear regression allows to examine the relationship between 

a dependent variable and multiple independent variables (Hair et al., 2019; Swanson & 

Holton, 2005; Backhaus et al., 2025). It enables the estimation of the individual influence of 

each variable while controlling the influence of the remaining variables (Hair et al., 2019). In 

this analysis, the dependent variable Intention to Adopt is measured using the aggregation 

of three items with a five-point Likert scale. Although individual Likert-type items are formally 

ordinal, the mean of multi-item factors can be viewed as approximately interval scaled in 

quantitative research, thereby allowing the application of parametric methods (Norman, 

2010). The regression analysis is applied to test the hypotheses derived from the SLR.  

5.3.5.1 Regression Assumptions 

Prior to conducting the regression analysis, the underlying assumptions were examined. 

These include linearity, homoscedasticity, normality of standardized residuals, and 

independence of errors (Swanson & Holton, 2005; Hair et al., 2019; Wentura et al., 2023). 

Additionally, the data were examined for influential outliers, multicollinearity, and 

autocorrelation (Backhaus et al., 2025). Table 17 summarizes the results for n = 67 and 

indicates that all assumptions were fulfilled. Detailed results of the assumption checks are 

provided in the appendix (see Appendix N). 
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Table 17: Overview of Regression Assumptions (n = 67) 

Assumption Method Result Assumption 

Check 

Linearity Partial regression plots No unusual pattern detected Fulfilled 

Residuals vs. Predicted plot No unusual pattern detected Fulfilled 

Homoscedasticity Residuals vs. Predicted plot No unusual pattern detected Fulfilled 

Normality Q-Q Plot of standardized 
residuals 

 

Approximate normal distribution 

Minor deviations in the tails 

Skewness = -.399 

Kurtosis = .490 

Fulfilled 

Shapiro-Wilk test W = .983, p = .502 Fulfilled 

Outliers Standardized Residuals Min: -2.713 | Max: 2.445 

No standardized residual exceeded ±3 

Fulfilled 

Multicollinearity Tolerance Tolerance range: .505 - .891 Fulfilled 

 Variance Inflation Factor (VIF) VIF range: 1.143 - 1.979 Fulfilled 

Autocorrelation Durbin-Watson statistic DW = 2.261 Fulfilled 

 

5.3.5.2 Regression Analysis and Hypothesis Testing 

The regression model resulted in an R2 of .440 and an adjusted R2 of .328. While the R2 

indicates that 44% of the variance in the dependent variable is explained by the independent 

variables (Hair et al., 2019), the adjusted R2 provides a more appropriate estimate given the 

relatively small sample size and the number of independent variables, as it accounts for 

model complexity (Backhaus et al., 2025). The difference between R2 and adjusted R2 

suggests that part of the explained variance may be attributed to model complexity. 

Therefore, the results should be interpreted with caution. The overall regression model was 

found to be statistically significant (F = 3.930, p < .001).  

The findings reveal that Compatibility (ß = .249, p = .045) and Management Support (ß = 

.273, p = .037) have a significant positive effect on the AI adoption intention of German SCM 

organizations. This result suggests that higher perceived compatibility of AI with existing 

values, processes, legacy systems, IT systems and infrastructure is associated with 

stronger adoption intentions. Moreover, the findings indicate that Management Support, 

reflected in support and the willingness to allocate resources, awareness of potential 

benefits, and encouragement of AI usage among employees leads to higher intentions to 

adopt AI. Accordingly, hypotheses HT1.2 and HO2.1 are supported.  

Additionally, the findings reveal that Technological Readiness (ß = .111, p = .363), Costs (ß 

= -.159, p = .146), Benefits (ß = .176, p = .114), AI-Complexity (ß = -.045, p = .684), 

Cybersecurity Concerns (ß = .015, p = .889), Organizational Capability (ß = .055, p = .698), 
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External Pressure (ß = -.021, p = .845), External Support (ß = .090, p = .417) and 

Government Support (ß = -.086, p = .435) show no significant influence on the adoption 

intention of German SCM organizations in this sample. Consequently, hypotheses HT1.1, 

HT1.3, HT1.4, HT1.5, HT1.6, HO2.2, HE3.1, HE3.2, HE3.3 are not supported.  

Table 18 summarizes the regression results and the status of the hypotheses. A detailed 

regression output is provided in the Appendix O. 

Table 18: Regression Results and Hypothesis Testing 

Hypothesis ß p Hypothesis Status 

HT1.1 Technological Readiness → Intention to Adopt .111 .363 Not supported 

HT1.2 Compatibility → Intention to Adopt .249 .045 Supported 

HT1.3 Costs → Intention to Adopt -.159 .146 Not supported 

HT1.4 Benefits → Intention to Adopt .176 .114 Not supported 

HT1.5 AI-Complexity → Intention to Adopt -.045 .684 Not supported 

HT1.6 Cybersecurity Concerns → Intention to Adopt .015 .889 Not supported 

HO2.1 Management Support → Intention to Adopt .273 .037 Supported 

HO2.2 Organizational Capability → Intention to Adopt .055 .698 Not supported 

HE3.1 External Pressure → Intention to Adopt -.021 .845 Not supported 

HE3.2 External Support → Intention to Adopt .090 .417 Not supported 

HE3.3 Government Support → Intention to Adopt -.086 .435 Not supported 

 

5.4 Exploratory Statistical Analysis of Pre-Adoption Stages 

To examine whether the influencing factors of AI adoption intention differ across pre-

adoption stages, separate regression analyses were conducted. Given the reduced sample 

sizes, the findings must be interpreted with caution and are considered exploratory. As the 

intention stage comprises a substantially smaller sample (n = 10), no separate regression 

analysis was conducted for this stage. 

5.4.1 Parsimonious Model Specification 

The sample sizes in the awareness (n = 23) and consideration stage (n = 34) stages fall 

below the commonly recommended minimum ratio of five observations per variable to 

ensure stable regression estimates (Hair et al., 2019), given the eleven independent 

variables included in the original model. To examine potential stage-specific dynamics 

despite these limitations, a more parsimonious model specification was adopted. The eleven 

variables were aggregated into theoretically related composite factors, reducing model 

complexity and improving estimation stability. Accordingly, the stage-specific results are 

interpreted as exploratory. 
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Technological Readiness, Compatibility, and Organizational Capability were aggregated 

into a composite variable Organizational Readiness, capturing overall internal organizational 

readiness. Conceptually, the three constructs represent complementary dimensions of 

internal preparedness, including technological infrastructure, process and culture alignment, 

and human capabilities. Moderate positive intercorrelations within both stages indicate 

substantial overlap, supporting their aggregation (see Appendix R).  

In addition, AI-Complexity and Cybersecurity Concerns were combined, to reflect perceived 

technological risk and implementation barriers. Both variables capture uncertainty, system 

vulnerability, and operational challenges associated with AI adoption, justifying their 

integration into a shared risk dimension.  

Finally, External Pressure, External Support, and Government Support were aggregated to 

represent the broader environmental context influencing adoption intention.  

In contrast, Benefits, Costs, and Management Support were retained as separate variables 

due to their conceptual distinctiveness. Benefits capture expected strategic and operational 

value, Costs reflect anticipated resource burdens, and Management Support represents 

internal strategic commitment. Aggregating these variables with readiness-related factors 

would have reduced conceptual clarity by conflating capability with desirability and feasibility 

considerations. Retaining them separately therefore preserves theoretical differentiation 

within the stage-specific models. The following table presents an overview of the 

parsimonious model specification used in the stage-specific analyses:  

Table 19: Mapping of Original Factors to the Parsimonious Composite Factors 

Composite Factor Original Factor 

Organizational Readiness Technological Readiness 
Compatibility 
Organizational Capability 

unaltered Management Support 

unaltered Costs 

unaltered Benefits 

Technological Risk AI-Complexity 
Cybersecurity Concerns 

Environmental Influence External Pressure 
External Support 
Government Support 

5.4.2 Reliability Analysis 

To ensure the reliability and internal consistency of the parsimonious model specification, 

the Cronbach’s alpha was calculated for each composite variable within each pre-adoption 

stage. Values of .70 or higher are generally considered acceptable (Nunnally & Bernstein, 
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1994; Swanson & Holton, 2005). In the awareness stage, Cronbach’s alpha ranged from 

.533 to .843, whereas in the consideration stage values ranged from .590 to .882 (see 

Appendix P). Overall, most variables demonstrate acceptable internal consistency. 

However, some coefficients fall below the recommended threshold of .60 for exploratory 

research (Hair et al., 2019), indicating limited reliability for specific constructs. Given the 

exploratory nature of stage-specific analyses and the reduced sample sizes, the results 

should therefore be interpreted with caution. 

5.4.3 Descriptive Statistics 

The descriptive statistics indicate noticeable differences across the pre-adoption stages 

(see Appendix Q). Given the substantially smaller sample size of the intention stage (n = 

10), comparisons involving this stage should be interpreted with caution.  

Organizational Readiness increases from the awareness stage (M = 2.928, SD = .586) to 

the consideration stage (M = 3.551, SD = .600) and remains relatively high in the intention 

stage (M = 3.400, SD = .503), suggesting higher perceived preparedness in more advanced 

stages. A similar pattern emerges for Management Support and Benefits. Management 

Support rises from awareness (M = 2.804, SD = .735) to consideration (M = 3.324, SD = 

.966), while Benefits increase markedly from awareness (M = 3.272, SD = .801) to the 

consideration stage (M = 3.971, SD = .883). Both variables remain elevated in the intention 

stage, although with slightly lower mean values.  

In contrast, Costs increase only moderately from awareness (M = 2.967, SD = .700) to 

consideration (M = 3.154, SD = .683) and remain stable in the intention stage (M = 3.175, 

SD = .906). Technological Risk shows little variation across stages, while Environmental 

Influence exhibits a slight upward trend. 

Overall, stage differences appear to be primarily associated with internal readiness, 

perceived benefits, and management support, whereas risk perceptions and external 

environmental influences remain comparatively stable. 

5.4.4 Correlation Analysis 

Comparing the three pre-adoption stages reveals a shift in the correlational structure of 

adoption intention. In both awareness (r = .629, p = .001) and consideration stage (r = .564, 

p < .001), Organizational Readiness shows a strong positive association with Intention to 

Adopt, indicating that internal capability is consistently linked to adoption intention in early 
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stages. Management Support is also positively related to the adoption intention in both 

stages, although the relationship weakens from awareness (r = .552, p = .006) to 

consideration (r = .395, p = .021). A notable structural change emerges for Costs. While no 

meaningful association is observed in awareness (r = .126, p = .568), Costs become 

significantly and negatively related to the adoption intention in the consideration stage (r = -

.351, p = .042), suggesting that financial considerations may become more salient once 

organizations move beyond initial awareness.  

In the intention stage (n = 10), correlations are interpreted descriptively due to the limited 

sample size. Benefits exhibit the strongest positive association with Intention (r = .657, p = 

.039), whereas other relationships remain weak and non-significant. 

Overall, the findings suggest that AI adoption intention in early pre-adoption stages is 

primarily associated with internal readiness and managerial support, while economic 

considerations become more relevant in the consideration phase (see Appendix R). The 

intention stage provides only limited additional evidence due to the sample size constraints. 

5.4.5 Regression Assumptions 

Prior to applying the parsimonious stage-specific regression models, the data for the 

awareness and consideration stages were examined separately for linearity, 

homoscedasticity, normality of standardized residuals, independence of errors (Swanson & 

Holton, 2005; Hair et al., 2019; Wentura et al., 2023). Additionally, influential outliers, 

multicollinearity, and autocorrelation were assessed (Backhaus et al., 2025). Overall, the 

regression assumptions were largely satisfied for both stages. For the awareness stage, 

diagnostic plots indicated a tendency toward heteroscedasticity. Although 

heteroscedasticity does not bias coefficient estimates, it reduces their efficiency and may 

lead to biased standard errors and test statistics (Wooldridge, 2009). Consequently, results 

for the awareness stage are interpreted with appropriate caution. Detailed results of the 

assumption checks are provided in the appendix (see Appendix S).  

5.4.6 Multiple Linear Regression Awareness and Consideration 

In the awareness stage, the regression model was statistically significant (F = 3.018, p = 

.036), with an R2 of .531 and adjusted R2 of .355. While the R2 reflects the variance explained 

within the sample, the adjusted R2 provides a more conservative estimate that accounts for 

model complexity and the small sample size (Hair et al., 2019; Backhaus et al., 2025), 

indicating that the model is able to explain 35.5% of the variance of the dependent variable.  
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Organizational Readiness (β = .389) and Management Support (β = .327) exhibit the 

strongest positive association with Intention to Adopt. Environmental Influence shows a 

small negative association (β = -.185), whereas Costs (β = .117), Benefits (β = .033) and 

Technological Risk (β = -.047) show only marginal effects. Given the limited sample size 

and potential heteroscedasticity, these findings should be interpreted as exploratory.  

In the consideration stage, the regression model was statistically significant (F = 4.173, p = 

.004), with an R2 of .481 and an adjusted R2 of .366. This indicates that the model accounts 

for 36.6% of the variance in the dependent variable (Hair et al., 2019; Backhaus et al., 2025). 

Organizational Readiness emerged as a statistically significant factor (β = .408, p = .014), 

indicating a robust positive effect on Intention to Adopt. Benefits (β = .245, p = .107) and 

Management Support (β = .223, p = .169) show moderate positive tendencies, while Costs 

(β = -.253, p = .124) demonstrate a moderate negative tendency. Technological Risk (β = -

.033, p = .840) and Environmental Influence (β = -.035, p = .813) appear insubstantial.   

The following summarizes the stage-specific regression results. A detailed regression output 

is provided in the Appendix T. 

Table 20: Comparison of Standardized Regression Coefficients (β) for the Awareness and 

Consideration Stage 

Variable Awareness (β) Consideration (β) 

Organizational Readiness .389 .408 

Management Support .327 .223 

Costs .117 -.253 

Benefits .033 .245 

Technological Risk -.047 -.033 

Environmental Influence -.185 -.035 

 

Overall, cross-stage comparisons rely primarily on the direction and relative magnitude of 

standardized coefficients rather than on statistical significance. Given the small sample 

sizes and the slight heteroscedasticity identified in the awareness stage, these comparisons 

are interpreted cautiously and considered exploratory. Organizational Readiness shows 

positive associations in both stages (β = .389) and (β = .408), reaching statistical 

significance only in the consideration stage. The comparable magnitude suggests a 

relatively stable positive relationship. Management Support is positively related in both 

models β = .327 and β = .223, yet remains statistically non-significant. Costs differ across 

both stages, showing a small positive association in the awareness stage (β = .117) and a 

moderate negative association in the consideration stage (β = -.253). Although Costs were 
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significantly correlated with the Intention to Adopt at the bivariate level in the consideration 

stage, the effect does not remain statistically significant in the regression model, indicating 

that the association may overlap with other variables. Technological Risk and Environmental 

Influence display small coefficients in both stages, indicating limited associations within the 

present sample when controlling for the remaining variables.  



Discussion  

61 

6 Discussion 

This thesis examined the factors influencing the AI adoption intention among German SCM 

organizations. The following discussion interprets the results and situates the findings within 

the pre-adoption context. 

The distribution of organizations across adoption stages indicates that AI within German 

SCM is predominantly situated in early-stage engagement. Most respondents locate their 

organizations in the consideration stage, suggesting that AI has entered strategic reflection 

and initial assessment, yet has not advanced to formal evaluation or routinized 

implementation. A substantial proportion remains in the awareness stage, where AI is 

acknowledged but not yet actively evaluated. Only a small group reports being in the 

intention stage or beyond. Overall, in regard to RQ4, AI appears broadly recognized within 

the German SCM context, but not yet institutionalized.  

With regard to RQ5, the reported use cases reinforce this pattern. While some organizations 

describe clearly defined applications, particularly in forecasting, planning, and optimization, 

others refer to AI engagement in more exploratory or abstract terms. The coexistence of 

concrete and diffuse use-case descriptions indicates varying levels of concretization across 

organizations. 

Across the pre-adoption context, Management Support emerges as the strongest 

determinant of AI adoption intention. This suggests that AI adoption intention is closely 

linked to executive commitment rather than primarily driven by technological characteristics. 

In this context, Management Support reflects tangible engagement by top leadership, 

including openly endorsing AI initiatives, allocating the necessary resources, recognizing 

potential benefits, and encouraging employees to use and apply AI in their daily work. The 

findings emphasize the role of concrete managerial action over abstract attitudes as it is not 

merely a favorable view of AI that matters, but the willingness to invest, prioritize, and 

actively promote its integration within SCM processes. This finding is consistent with prior 

research emphasizing the importance of top management support as a strong influencing 

factor of AI adoption and implementation in SCM contexts (Chatterjee et al., 2021; Usmani 

et al., 2023; Falayi et al., 2025; Dey et al., 2023). Similar effects have been also documented 

in organizational studies on AI adoption intention across different industry contexts (Thomas 

et al., 2025; Xu et al., 2025; Widiyanti et al. 2020). Moreover, general research on 

organizational innovation highlights the role of managerial orientation and organizational 

configurations that support innovation processes (Hage, 1999).  
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Compatibility likewise emerges as a significant determinant of AI adoption intention. 

Organizations are more likely to adopt AI when it is perceived as aligning with existing 

values, processes, and existing infrastructures, without requiring substantial structural 

adjustments. In SCM environments, where workflows and systems are highly standardized 

and interconnected, perceived misalignment may represent a meaningful barrier. Given the 

substantial long-term investments embedded in SCM infrastructures, compatibility with 

existing systems becomes particularly salient. Qualitative remarks from individual 

respondents further illustrate the normative dimension of compatibility. One participant 

noted concerns that an AI chatbot might face acceptance challenges among internal 

stakeholders. While anecdotal, such reflections indicate that perceived alignment, whether 

technical, procedural or normative, can shape the AI adoption intention in German SCM 

context. This is consistent with prior research emphasizing the importance of alignment with 

existing values, processes and systems in SCM contexts (Chatterjee et al., 2021; Usmani 

et al., 2023) to enhance assimilation and acceptance, and to reduce uncertainty. 

Furthermore, similar effects have been reported in organizational studies on AI adoption 

across different industry contexts (Ajili Ben Youssef et al., 2025; Badghish & Soomro, 2024).  

While organizations recognizing strategic and operational advantages of AI tend to express 

higher adoption intentions at the bivariate level, Benefits do not retain independent 

explanatory power when other factors are considered. In contrast to prior research reporting 

strong effects of strategic and operational advantages (Chatterjee et al., 2021; Pillai et al., 

2022; Usmani et al., 2023; Wang & Pan, 2022), the present findings suggest that perceived 

benefits alone are insufficient to substantially shape AI adoption intention in the German 

SCM pre-adoption context.  

A similar pattern emerges for Technological Readiness. Although organizations with 

stronger IT infrastructures and AI-related capabilities tend to report higher adoption 

intentions at the bivariate level, this relationship does not remain statistically robust in the 

multivariate model. Empirical evidence in prior SCM context is heterogeneous, with some 

studies identifying significant effects of technological readiness (Chatterjee et al., 2021; 

Falayi et al., 2025; Usmani et al., 2023) on AI adoption, while others report non-significant 

findings in comparable operationalizations (Pillai et al., 2021). Within this sample, 

Technological Readiness does not constitute an independently decisive driver. 

Additionally, Costs display a negative but statistically non-significant effect on AI adoption 

intention. Potential differences across adoption stages are considered in the subsequent 

stage-specific analyses. Although prior research frequently identifies cost considerations as 



Discussion  

63 

a negative determinant of AI adoption (Usmani et al., 2023), empirical findings are not 

uniform. Evidence suggests that costs may be less pronounced or statistically non-

significant in certain developed-country contexts (Badghish & Soomro, 2024) or may 

become more salient during actual implementation and usage phases (Pillai et al., 2022). 

Organizational Capability shows a positive bivariate association with AI adoption intention, 

indicating that organizations with stronger internal competencies tend to express greater 

adoption intentions. However, its effect does not remain independently decisive when 

controlling other factors. Given its conceptual proximity to Management Support and 

Compatibility, Organizational Capability appears embedded within a broader constellation 

of internal organizational conditions rather than functioning as a distinct driver of adoption 

intention. This aligns with prior evidence suggesting digital skills and competencies do not 

necessarily exert a significant effect on the adoption decision of Industry 4.0 technologies in 

manufacturing contexts (Zhong & Moon, 2023), but may become more salient during 

implementation and post-adoption phases (Falayi et al., 2025; Dey et al., 2023; Chatterjee 

et al., 2021). 

Similarly, AI-Complexity, Cybersecurity Concerns and environmental influences (External 

Pressure, External Support, and Government Support) do not emerge as independently 

decisive determinants in the present pre-adoption context. Although prior research 

frequently identifies technological risks (van Hoek, 2024; Singh et al., 2023; Nozari et al., 

2022) and competitive pressure as relevant drivers of AI adoption in SCM (Chatterjee et al., 

2021; Pillai et al., 2022; Wang & Pan, 2022; Falayi et al., 2025), these do not substantially 

shape adoption intention within this sample. Instead, the findings suggest that AI adoption 

intention in German SCM is primarily internally anchored rather than externally induced. The 

slight negative association observed for Government Support further indicates that 

perceived regulatory or institutional adequacy does not automatically result into stronger 

adoption intentions in the pre-adoption context. This finding is partly consistent with prior 

research that did not identify a statistically significant effect on AI adoption intention in SCM 

contexts (Pillai et al., 2022), despite reporting a positive relationship.  

Taken together, the findings indicate that across the pre-adoption context of AI in German 

SCM, encompassing organizations from initial awareness to active evaluation, adoption 

intention is primarily associated with managerial support and perceived compatibility. While 

additional technological, organizational, and environmental factors display directional 

relationships, they do not demonstrate comparable explanatory relevance. This pattern 
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highlights the selective concentration of determinants shaping AI adoption intention across 

early adoption stages in this sample.  

With regard to RQ6, the exploratory stage-specific analyses indicate a structural shift in how 

AI adoption intention is formed across the pre-adoption process. In the awareness stage, 

intention appears to be primarily anchored in internal organizational conditions. 

Organizational Readiness and Management Support exhibit as the strongest factors of 

adoption intention, suggesting that early-stage intention is mainly grounded in perceived 

internal preparedness and leadership alignment rather than in explicit economic reasoning. 

Although Costs show a small positive association with adoption intention at the bivariate 

level, their independent explanatory power remains weak. Given that the Costs in this thesis 

included not only acquisition expenses but also ongoing maintenance and operational costs, 

it is plausible that such financial implications are not yet fully elaborated in this early stage. 

Cost perceptions may therefore reflect general engagement with the topic rather than acting 

as a barrier. At the bivariate level, Environmental Influence displays a negative relationship 

with adoption intention, indicating that externally driven pressure, governmental and external 

support may not translate into internally anchored commitment in the awareness stage and 

could instead reflect reactive positioning. Overall, this stage may appear to be embedded in 

internal alignment rather than structured by cost-benefit trade-offs. Given the relatively small 

subsample and slight heteroscedasticity, these patterns should be interpreted cautiously.  

In contrast, the consideration stage reveals a more differentiated and evaluative structure. 

Organizational Readiness remains the strongest determinant, underscoring its consistent 

centrality across stages. However, Costs assume a clearly negative association, indicating 

that financial constraints begin to exert an independent influence as adoption intention 

becomes more concrete. At the same time, Benefits gain relative explanatory importance, 

suggesting that value expectations are more explicitly integrated into evaluations. 

While Management Support remains positively related to adoption intention in the 

consideration stage, its relative weight is somewhat reduced compared to Organizational 

Readiness, which may indicate a functional shift in its role. Organizations that have moved 

beyond mere awareness and initially consider AI adoption have likely already obtained a 

basic level of managerial support to initiate such considerations. Consequently, variation in 

intention at this stage is less explained by whether leadership supports AI adoption and 

more by whether the organization perceives itself as capable of adopting it. Leadership 

commitment therefore remains important but becomes less differentiated once the 

consideration stage is entered.  
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Together, these patterns imply a transition from an orientation-driven logic in awareness 

toward a more economically grounded and evaluative decision structure in consideration, 

with Organizational Readiness functioning as structural determinant throughout the pre-

adoption stages. The stage-specific differences identified in this thesis support the general 

process logic proposed by Rogers (1983) and Frambach & Schillewaert (2002) according to 

which adoption unfolds gradually from awareness to intention in pre-adoption context. At the 

same time, the findings indicate that the relative importance of determinants may shift across 

these stages, suggesting that adoption intention is shaped by evolving rather than static 

decision structures.  

In regard to RQ1, the findings indicate that AI adoption intention among German SCM 

organizations is primarily influenced by internal organizational alignment. More particular, 

Management Support and Compatibility of AI with existing processes and structures form 

the central pillars of adoption intention. Other technological, organizational, and 

environmental factors appear to play a more contextual or supporting role rather than acting 

as primary drivers within the examined pre-adoption context. Moreover, stage-specific 

analyses suggest that the relative importance of determinants evolves across the pre-

adoption process, with leadership commitment and internal alignment dominating early 

stages and feasibility and economic considerations gaining importance as adoption 

becomes more concrete.  
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7 Implications and Limitations 

Building on the preceding discussion, the following chapter synthesizes the theoretical and 

practical contributions of this thesis and critically highlights its limitations, before 

recommending directions for future research. 

7.1 Theoretical Contributions 

The findings of this thesis extend the existing literature on AI adoption in SCM in several 

ways. 

First it introduces and empirically tests a comprehensive conceptual framework consisting 

out of technological, organizational, and environmental determinants of AI adoption intention 

in German SCM. By synthesizing fragmented prior research and structuring dispersed 

factors into a conceptual model, the study provides a comprehensive overview of relevant 

factors of AI adoption and offers a foundation for further empirical research in comparable 

organizational contexts. Second, beyond the empirical model, the theoretical framework of 

this thesis systematically consolidates key foundations of individual-level technology 

acceptance research. By outlining central concepts of individual adoption processes and 

embedding them within an organizational adoption perspective, the study provides a 

conceptual basis that may enable future extensions of the framework toward multilevel 

analyses combining individual acceptance and organizational adoption research.  

Third, the findings highlight the importance of internal organizational alignment for AI 

adoption intention. Management Support and Compatibility emerge as central determinants, 

while technological and environmental factors appear more contextual than independently 

decisive. This shifts the explanatory emphasis from technology-centered to organization-

centered interpretations of AI adoption intention in pre-adoption contexts. In addition, by 

mapping organizations across adoption stages and identifying AI use cases across SCOR-

related processes, the study offers insights into the current application areas and adoption 

maturity of AI in German SCM. The distribution within the examined sample suggests that 

AI adoption remains predominantly situated in early-stage phases of awareness and 

consideration. Fourth, by explicitly focusing on adoption intention in the pre-adoption phase 

and conducting exploratory stage-specific analyses, the study refines diffusion-based 

process perspectives. The results substantiate the stage logic proposed by Rogers (1983) 

and Frambach & Schillewaert (2002), while specifying how determinant relevance may vary 

between awareness and consideration. 
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7.2 Practical Contributions 

Beyond its theoretical contributions, the thesis offers a practical orientation for decision-

makers in SCM, digital transformation roles, and AI solution providers. 

A central practical implication concerns the role of internal organizational alignment. The AI 

adoption intention in German SCM appears primarily rooted in management support and 

perceived compatibility. AI initiatives gain strategic traction through visible executive 

prioritization and endorsement. Moreover, organizations appear to evaluate AI in terms of 

its fit with existing structures and processes. For AI solution providers and consultants, this 

underscores that demonstrating seamless integration and alignment with established SCM 

processes and structures may be more influential than emphasizing performance gains or 

technical sophistication alone. 

Furthermore, external influences do not constitute primary triggers of early adoption 

intention in German SCM contexts. Instead, adoption intention appears to be internally 

motivated and strategically grounded. For practitioners and consultants, this implies that 

successful positioning of AI initiatives requires the development of a clear internal strategic 

rationale rather than reliance on external momentum or market narratives. In addition, the 

stage-specific analyses indicate that the relative relevance of determinants differs across 

adoption stages, suggesting that communication and positioning strategies should reflect 

the evaluative focus associated with an organization’s current stage within the adoption 

process. 

Finally, the descriptive mapping of adoption stages and AI use cases offers a reference point 

for practitioners seeking to assess their organization’s current level of AI engagement.  

7.3 Limitations and Future Research 

Although its findings, this thesis is constrained by multiple limitations and identifies areas for 

further and future research. 

The empirical analysis used a relatively small sample of 67 respondents within German 

SCM-related functions. As the sample lies at the lower range of commonly recommended 

sample sizes for regression models with eleven variables (Hair et al., 2019), statistical power 

is inherently constrained, particularly in the stage-specific analyses with substantially 

smaller subsamples. In addition, the regional focus on German organizations limits the 

capability to generalize the findings to other regional contexts. Future research could 

replicate the model with larger and more diverse samples and examine cross-country, 

industry-specific, or SCOR-process-related differences. Although firm size and industry type 
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were collected, they were not included as control variables. Incorporating such structural 

characteristics may further clarify whether organizational context moderates the identified 

relationships. 

The study relies on cross-sectional, self-reported survey data. Adoption stages and 

determinant perceptions were assessed through respondent self-classification, which can 

lead to the risk of common method variance and perceptual bias. Moreover, the analysis 

focuses on adoption intention rather than realized implementation or performance 

outcomes. Longitudinal designs could therefore examine how determinants develop over 

time and focus on how intention results into actual adoption and implementation success. 

Additionally, qualitative approaches could provide deeper insights into underlying decision 

processes shaping AI adoption intention. 

A further limitation concerns the broad conceptualization of AI in this study, as adoption 

intention was assessed at a general level without differentiating between specific AI 

applications. Given the heterogeneity of AI applications, determinant relevance may vary 

across use cases, potentially reducing the specificity of the findings. 

The exploratory stage-specific analyses were conducted on reduced subsamples, and a 

heteroscedasticity tendency was observed in the awareness stage, while software 

limitations precluded the use of robust standard errors. Moreover, selected variables were 

aggregated in the parsimonious stage-specific model based on conceptual proximity. 

Although reliability was assessed, some constructs showed limited internal consistency. 

These aspects suggest cautious interpretation of stage-specific findings. Future research 

could apply alternative estimation techniques and validate construct structure through 

confirmatory factor analysis.  

Finally, although the sample covered organizations across different engagement levels, 

potential non-response bias cannot be fully excluded. Moreover, while the theoretical 

framework integrates insights from individual-level adoption research, the empirical analysis 

remains at the organizational level. Extending the framework toward multilevel designs may 

provide deeper insights into cross-level dynamics in AI adoption.  
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8 Conclusion 

This thesis examined the influencing factors of AI adoption intention among German SCM 

organizations in a pre-adoption context. By empirically testing an comprehensive framework 

of technological, organizational, and environmental factors, the thesis provides a structured 

perspective on the determinants shaping adoption intention prior to formal adoption 

decisions. 

The findings suggest that early AI engagement in German SCM is primarily shaped by 

managerial commitment and the perceived compatibility of AI with existing organizational 

structures and processes. Moreover, stage-specific findings indicate that determinant 

relevance evolves as organizations move through the pre-adoption process. 

In light of the growing strategic relevance attributed to AI in SCM, the findings underscore 

that future developments in German SCM will depend not on the awareness or technical 

ability, but more on the organizational willingness to translate emerging possibilities into 

strategic commitment. Understanding how adoption intention forms therefore remains 

central to assessing how AI progresses from strategic consideration to sustained 

organizational application.   
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Appendix A: Definitions of SCM 

Author SCM definition 

Lambert et al., 1998, p.1 „ […] is the integration of key business processes from end user through 
original suppliers that provides products, services, and information that add 
value for customers and other stakeholders.” 
 

Tan et al., 1998, p.4 „ […] addresses materials/supply management from the supply of raw 
materials to its end of life (and possible recycling or re-use). It focuses on 
how firms utilize their suppliers’ processes, technology, and capability to 
enhance competitive advantage.” 
 

Simchi-Levi et al., 2000, p.1  „ […] is a set of approaches utilized to efficiently integrate suppliers, 
manufactures, warehouses, and stores, so that merchandise is produced 
and distributed at the right quantities, to the right locations, and at the right 
time, in order to minimize systemwide costs while satisfying service level 
requirements.” 
 

Mentzer et al., 2001, p.22 „ […] the systematic, strategic coordination of the traditional business 
functions within a particular company and across businesses within the 
supply chain, for the purpose of improving the long-term performance of 
the individual companies and the supply chains as a whole.” 
 

Bowersox et al., 2002, p.4 „ […] consists of firms collaborating to leverage strategic positioning and to 
improve operating efficiency. For each firm involved, the supply chain 
relationship reflects strategic choice. A supply chain strategy is a channel 
arrangement based on acknowledged dependency and relationship 
management. Supply chain operations require managerial processes that 
span across functional areas within individual firms and link trading 
partners and customers across organizational boundaries.” 
 

Christopher, 2016, p.3 „The management of upstream and downstream relationships with 
suppliers and customers in order to deliver superior customer value at less 
cost to the supply chain as a whole.” 
 

Chopra & Meindl, 2016, p.16 „Effective supply chain management involves the management of supply 
chain assets and product, information, and fund flows to grow the total 
supply 
chain surplus. A growth in supply chain surplus increases the size of the 
total pie, allowing contributing members of the supply chain to benefit.” 
 

Werner, 2020, p.6, own translation „ […] refers to internal and network-oriented integrated business activities 
relating to supply, disposal, and recycling, including accompanying cash 
and information flows.” 
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Appendix B: Top-Level SCOR Processes 

Top Level Tasks 

Plan Strategic and operational planning of SC 
Demand and sales forecasting 
Procurement planning 
Inventory and stock level planning 
Production and capacity planning 
Distribution network planning 

Source Procurement of materials and products 
Supplier selection and coordination 
Sourcing to stock, to order, or engineer-to-order 
Goods receipt and inspection 
Quality control 
Storage of procured goods 
Invoice verification and payment 

Make Make-to-stock production 
Make-to-order production 
Engineer-to-order production 

Deliver Customer order management and fulfillment 
Delivery from stock, make-to-order, or engineer-to-order 
Shipment of finished and traded goods 
Picking, packing, and shipping 
Transportation and distribution management 

Return Return of goods to suppliers 
Return of goods from customers 
Handling of defective or excess products 

 

Source: Werner, 2020 
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Appendix C: Overview of AI Applications in SCM Literature 
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Appendix D: Keyword Strings 

PICOC 
Element 

Main 
Keywords 

Synonyms/Related Terms Search Terms 

Intervention 
(applied to 
topic) 

artificial 
intelligence 

AI 
machine learning 
deep learning 

(("artificial intelligence" OR AI OR "machine 
learning" OR "deep learning")  
 
AND 

Outcome 1 
(applied to 
title) 

adopt* accept*, implement*,integration, 
usage, use, utili?ation, perceived, 
usefulness, perceived ease of use, 
performance expectancy effort, 
expectancy, social influence, 
facilitating condition*, organizational 
readiness, organizational factor* 
technological, readiness, 
technological factor* environmental 
factor*, environmental readiness, 
innovation diffusion relative, 
advantage, compatibility, complexity, 
treatability, observability, intention to 
use, behavi?ral intention, user 
behavi?r 

(adopt* OR accept* OR implement* OR 
integration OR usage OR use OR utili?ation 
OR "perceived usefulness" OR "perceived 
ease of use" OR "performance expectancy" 
OR "effort expectancy" OR "social influence" 
OR "facilitating condition*" OR "organizational 
readiness" OR "organizational factor*" OR 
"technological readiness" OR "technological 
factor*" OR "environmental factor*" OR 
"environmental readiness" OR "innovation 
diffusion" OR "relative advantage" OR 
compatibility OR complexity OR treatability OR 
observability OR "intention to use" OR 
"behavi?ral intention" OR "user behavi?r")  
 
AND 

Outcome 2 
(applied to 
topic) 

factor* barrier*, challenge*, driver*, 
enabler*, determinant*, inhibitor* 

(barrier* OR challenge* OR driver* OR 
enabler* OR determinant* OR inhibitor* OR 
factor*)  
 
AND 

Context 
(applied to 
title) 

supply chain 
management 

SCM, supply chain, logistic*, supply 
chain operation*, forecast*, 
production scheduling, demand, 
planning, inventor*, procurement, 
purchas*, supplier sourcing, supplier 
selection, supplier evaluation, 
manufactur*, production planning, 
predictive maintenance, quality 
control, distribution, warehous*, 
transport*, route optim?ation, 
reverse logistics, return logistics, 
recycl*, resource optim?ation, waste 
reduction, risk management, 
sustainab*, resilien*, supply chain 
simulation 

("supply chain management" OR SCM OR 
"supply chain" OR logistic* OR "supply chain 
operation*" OR forecast* OR "production 
scheduling" OR "demand planning" OR 
inventor* OR procurement OR purchas* OR 
"supplier sourcing" OR "supplier selection" OR 
"supplier evaluation" OR manufactur* OR 
"production planning" OR "predictive 
maintenance" OR "quality control" OR 
distribution OR warehous* OR transport* OR 
"route optim?ation" OR "reverse logistics" OR 
"return logistics" OR recycl* OR "resource 
optim?ation" OR "waste reduction" OR "risk 
management" OR sustainab* OR resilien* OR 
"supply chain simulation")) 
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Appendix E: Summary of Reviewed Papers 

Item Author Year Title Country SCOR process Methodology Sample Adoption 

Model 

Main Findings 

[1] Pan et 
al. 

2025 “Artificial intelligence 

usage and supply chain 

resilience: An 

organizational 

information processing 

theory perspective” 

China All SCOR processes Quantitative 
survey using 
PLS-SEM 

231 
manufacturi
ng & SCM 
managers 

- Significant positive effect of AI usage on SC 
resilience, mediated effect by SC collaboration and 
SC efficiency, strengthened by higher digital 
information technology capabilities. 

[2] Chatterj
ee et al. 

2021 “Understanding AI 

adoption in 

manufacturing and 

production firms using 

an integrated TAM-TOE 

model” 

India Make (Production 
and Manufacturing) 

Quantitative 
survey-based 
study 
analyzed 
using PLS-
SEM 

340 
employees 
of small, 
medium and 
large 
organization
s 

Integrated 
TAM-TOE 
Framework 

Leadership support significantly moderates the 
intention to adopt AI. Technical, social and 
environmental factors jointly drive adoption of AI, 
which enhances the productivity, efficiency and 
competitiveness in manufacturing contexts. 

[3] Alnipak 
& 
Torama
n 

2025 “I am ChatGPT. Would 

you accept me to assist 

you in logistics 

management? An 

empirical study from 

Türkiye.” 

Türkiye Source/Deliver/Retur
n (Logistics) 

Quantitative 
online and 
face-to-face 
survey using 
PLS-SEM 

547 logistics 
students, 
practitioners 
and 
academics 

TAM, TBP & 
Trust 

Attitutde emerges as the strongest influencing factor 
on intention to use ChatGPT, while trust increased PU 
and PEOU, thereby improving the overall attitude for 
ChatGPT. Social influence shapes attitude but does 
not affect intention, and perceived behavioral control 
shows no meaningful effect. 

[4] Pillai et 
al.  

2022 “Adoption of AI-

empowered industrial 

robots in auto 

component 

manufacturing 

companies” 

India Make (Production 
and Manufacturing) 

Quantitative 
survey using 
PLS-SEM 

460 
managers 
and owners 
of auto 
component 
manufacturi
ng 
companies 

TOE/DOI & 
Cost issues 

Perceived compatibility and benefits, external 
pressure, and vendor support significantly foster 
adoption intention of AI-enabled industrial robots, 
whereas IT infrastructure and government support 
show no effect. Adoption intention strongly predicts 
potential use, but high perceived costs reduce this 
effect. 

[5] Usmani 
et al. 

2023 “Key variables 

influencing artificial 

intelligence (AI) 

implementation in supply 

chain management 

(SCM): An empirical 

analysis on SMEs” 

India All SCOR processes Quantitative 
survey, 
exploratory 
analysis, 
correlation & 
stepwise 
multiple 
regression 

596 
employees 
from SMEs 
who had 
used AI at 
least once in 
SCM 

-; TOE/DOI 
related 
variables 

Compatibility, relative advantage, managerial support, 
technical capability, competitive pressure, government 
support and vendor partnership foster AI 
implementation, while high costs, market uncertainty 
and complexity hinder it. AI implementation strongly 
enhances SCM performance. 

[6] Falayi et 
al. 

2025 “Brains behind the 

chains: Exploring the 

drivers of artificial 

intelligence (AI) in 

Nigeria All SCOR processes Quantitative 
survey, 
descriptive 
statistics, 

200 SCM 
experts, 
managers 
and IT 

TOE Management support is the strongest driver of AI 
adoption; competitive pressure also strongly 
influences adoption. Workforce digital skills and 
technology infrastructure positively enable AI-driven 
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modern supply chain 

management success” 

correlation 
analysis and 
multiple linear 
regression 

personnel in 
manufacturi
ng 
companies 
with digital 
infrastructur
e 

SCM, while market complexity shows the weakest but 
still significant effect. 

[7] Fosso 
Wamba 
et al. 

2024 “ChatGPT and 

generative artificial intelli

gence: an exploratory 

study of key benefits 

and challenges in 

operations 

and supply chain manag

ement” 

USA & UK  Exploratory 
quantitative 
survey 

300 middle- 
and upper-
level 
managers 

 
- 
 
 
 

AI Adoption in SCM situates in early-stage 
development (proof-of-concept till implementation). 
Expected benefits range from operational efficiency, 
cost savings, decision-making support, and 
satisfaction of customers. Key challenges relate to 
data quality, technological integration, organizational 
readiness, and governance issues. Future anticipated 
advantages include increased automation, additional 
cost savings, enhanced customer experience, and 
sustainability impacts. 

[8] Chen et 
al. 

2025 “Factors influencing the 

adoption of generative 

AI in supply chain 

management: an 

empirical study based 

on task-technology fit 

and the theory of 

planned behaviour” 

China 
Plan (demand 
forecasting, capacity 
planning, inventory 
& risk management) 

 

Quantitative 
survey; 
covariance-
based SEM 
(AMOS) 

224 SC 
experts from 
various 
functions 
and firm 
sizes 

 TTF & TPB SC task requirements and GAI capabilities 
significantly increase TTF. TTF and subjective norms 
shape attitudes toward AI. Attitude strongly predicts 
intention to adopt GAI, while TTF, perceived 
behavioral control and subjective norms show no 
significant direct effect on intention. Attitudes fully 
mediate the effects of TTF and subjective norms on 
behavioral intention. 

[9] Wang & 
Pan  

2022 “Drivers of Artificial 

Intelligence and Their 

Effects on Supply 

Chain Resilience and 

Performance: An 

Empirical Analysis on 

an Emerging Market” 

China All SCOR processes Quantitative 
survey using 
PLS-SEM 

318 firms in 
China 

TOE & 
Resource-
based 
theory (RBT) 

AI technology advantages, SC collaboration, and 
environmental uncertainty all increase firms’ 
willingness to adopt AI, which in turn enhances SC 
resilience and performance. AI technology advantage 
improves performance only indirectly through this 
willingness, while collaboration and environmental 
uncertainty show both direct and indirect positive 
effects on resilience and performance. 

[10] Dey et 
al.  

2023 “Artificial intelligence-

driven supply chain 

resilience in Vietnamese 

manufacturing small- 

and medium-sized 

enterprises” 

Vietnam All SCOR processes Quantitative 
survey; 
covariance-
based SEM 

280 
operations 
managers 

Knowledge-
Based View 
& Resource 
Orchestratio
n Theory 

Leadership shapes the organizational culture, 
employee skills and competencies, that significantly 
influence AI adoption. While culture shows no 
mediating effect, skills and competencies mediate the 
effect between leadership and AI adoption. AI 
adoption enables circular economy processes, agility 
of the SC, and risk management, which thereby 
strengthens the overall SC resilience.  

[11] van 
Hoek 

2024 “Insight from industry-

early lessons learned 

about AI adoption in 

core procurement 

France, 
Spain & 
USA 

Source (strategic 
sourcing, ordering, 
supplier relationship 
management) 

Exploratory 
quantitative 
survey 

94 
procurement 
managers 

- AI adoption is low and varies by process; sourcing 
shows higher consideration, while ordering and 
supplier relationship management show slightly higher 
rollout. Key benefits are productivity, visibility and 
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processes, directions for 

managers and 

researchers” 

innovation. Readiness is low, with major barriers 
related to human sensemaking, supplier readiness 
and training needs. 

[12] Nitsche 
et al. 

2023 “The impact of 

multiagent systems on 

autonomous production 

and supply chain 

networks: use cases, 

barriers and 

contributions to logistics 

network resilience” 

Internation
al 

All SCOR processes Delphi-study 18 SCM 
experts 

- Identifies 11 MAS use cases across multiple SCOR 
processes and evaluates their potential for resilience, 
productivity, and implementation complexity. 
Highlights that MAS can enhance responsiveness and 
flexibility, but adoption is hindered by technological 
immaturity, lack of standards, high costs, and change-
management challenges. 

[13] Singh et 
al. 

2023 “Identifying issues in 

adoption of AI practices 

in construction supply 

chains: towards 

managing sustainability“ 

India All SCOR processes Literature 
review and 
quantitative 
survey using 
fuzzy 
DEMATEL 

10 experts 
from 
construction, 
IT/AI, 
academia 
and 
government 

- Key causal barriers include missing trust in AI output, 
cybersecurity risks, high project cost and risk, unclear 
benefits, uncertain AI algorithm performance, industry 
fragmentation, legal/contractual issues, and unstable 
power or connectivity. 

 [14] Nozari 
et al. 

2022 “Analysis of the 

challenges of artificial 

intelligence of things 

(AIoT) for the smart 

supply chain (case 

study: FMCG 

industries)” 

Iran All SCOR processes Systematic 
literature 
review and 
expert 
interviews 
analyzed with 
fuzzy 
DEMATEL. 

40 industry 
and 
academic 
experts  

- Five factors influence AIoT adoption decisions: lack of 
proper infrastructure, cybersecurity, lack of 
professionals, connectivity, and transportation 
management; infrastructure and cybersecurity are the 
strongest causal drivers. 

[15] Fries et 
al. 

2025 “Exploring AI integration 

in SME production 

planning: design spaces 

and the role of workers: 

Exploring AI integration 

in SME production 

planning” 

Germany Plan, Make 
(production 
scheduling) 

Qualitative 
interviews, 
workshops 
and on-site 
observations 

16 
participants 
(managers, 
production 
planners, 
machine 
operators) 
across 3 
German 
metalworkin
g SMEs 

- Identifies prerequisites and three options for AI in 
SME production planning context (processing time 
estimation, rework probability, and actual production 
process), shows data and system heterogeneity as 
key barriers, and stresses that AI should support, not 
replace, human planners, requiring participatory, 
worker-centered design. 

[16] Mishra 
et al. 

2023 “Challenges facing 

artificial intelligence 

adoption during COVID-

19 pandemic: An 

investigation into the 

agriculture and agri-food 

supply chain in India” 

India All SCOR processes Quantitative 
survey 
analyzed 
through ISM, 
MICMAC 
analysis, and 
SWARA. 

543 farmers 
for survey 
and 32 
domain 
experts for 
evaluation 

- Identifies twelve AI adoption challenges and shows 
that lack of contextual awareness and farmers 
unwillingness are the key driving factors, while lack of 
standardization and implementation method act as 
critical linkage barriers. 
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[17] Fries & 
Ludwig 

2024 “Why are the sales 

forecasts so low?' Socio-

technical challenges of 

using machine learning 

for forecasting sales in a 

bakery” 

Germany Plan (demand/sales 
planning) 

Qualitative 
case study 
combining 
interviews, 
workshops 
and prototype 
evaluation 

Single 
medium-
sized 
bakery; 
owner and 
staff 

- Web-based ordering system was adopted 
successfully, but the ML forecasting tool was rejected 
despite high accuracy. Low trust, perceived errors, 
lack of explainability, and misalignment with work 
practices hindered adoption; data alone is insufficient 
without socio-technical alignment. 

[18] Rad et 
al. 

2025 “Adoption of AI-based 

order picking in 

warehouse: benefits, 

challenges, and critical 

success factors” 

Türkiye Deliver (warehouse 
order picking) 

Mixed-
methods 
single case 
study 
combining 
warehouse 
performance 
analysis and 
qualitative 
interviews 

13 
participants 
from 
warehouse 
operations, 
managemen
t, and 
AI/ERP 
providers 

- AI-based batching reduced travel distance and 
improved accuracy, documentation, and employee 
well-being. Adoption was hindered by integration and 
process issues, communication gaps, costs, and 
change resistance. Success depended on alignment, 
clear communication, training, and data-privacy 
management. 

[19] Cannas 
et al. 

2023 “Artificial intelligence in 

supply chain and 

operations 

management: a multiple 

case study 

research” 

Italy Make, Plan, Deliver Qualitative 
multiple case 
study using 
semi-
structured 
interviews, 
guided by the 
SCOR model 

6 Italian 
companies 

- AI mainly supports Make processes and improves 
cost, lead time and OEE, while adoption is hindered 
by poor data quality and difficult data acquisition, a 
lack of AI skills and weak change readiness across 
departments, as well as high investment requirements 
and unclear ROI. 
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Appendix F: Factors per Reviewed Quantitative Paper 

Item Item Factor  

[1] Digital IT capabilities  
[2] Organizational competency 

Organizational complexity 
Organizational readiness 
Organizational compatability 
PU 

PEOU 
Competitive advantage 
Partner support 
Leadership support 

[3] Perceived usefulness 
Perceived ease of use 
Social influence 

Trust 
Attitude 
Behavioral control 

[4] Perceived compatability 
Perceived benefits 
IT infrastructure 
External pressure 

Support from vendors 
Government support 
Cost issues 

[5] Compatibility 
Relative advantage 
Cost 
Technical capability 
Complexity 

Managerial support 
Competitive pressure 
Government support 
Market uncertainty 
Vendor partnership 

[6] Management support 
Workforce digital skill 
Technology infrastructure 

Market complexity 
Competitive pressure 

[7] Accuracy, biases and errors 
Costs and technology access 
Data quality and availability 
Ethical concerns 

Legacy systems 
Legal and regulatory 
Staff resistance 
Training and skills 

[8] Fitting degree between supply chain and technology 
Supply chain requirements 
Technology capabilities 

Attitude toward technology 
Subjective norm 
Perceived behavioral control of technology 

[9] AI technology advantage 
Supply chain collaboration 
Environmental uncertainty 

 

[10] Culture 
Leadership 
Skills and Competencies 

 

[11] Cost of implementing AI in procurement 
Costs of AI technology (licenses etc.) 
Limited proof of concept 
Limited business buy in 
Limited leadership support 
Cyber security risks 
Limited technology support 
Limited technological infrastructure 
Difficulty to integrate automation into existing 
Limited governance of automation 
Limited robustness/stability of process designs 
Limited AI familiarity and ability amongst staff 

Leadership support 
Suppliers able to invest 
Suppliers trained in AI 
Suppliers engaged in AI 
Governance of digitalization 
Buyer engagement in AI 
Stable process designs 
Technology infrastructure 
Technology team support 
Investment ability 
Team members trained in AI 
Stakeholder engagement in AI 

[13] Risk and Costs associated with construction projects 
Unclear profits and advantages 
Expensive and continuous maintenance requirements 
Lack of trust in AI outcomes 
Fragmented and project-based nature of industry 

Exploitation by hackers, cybercrimes and privacy 
intrusion 
Uncertain processing and functions of AI algorithms 
Legal and contractual issues 
Frequent interruptions in power and internet 
connectivity 

[14] Lack of proper infrastructure 
Cybersecurity 
Lack of professionals 

Managing transportation 
Connectivity issues 

[16] Lack of contextual awareness 
Unwillingness 

Lack of standardization 
Implementing method 
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Appendix G: Categorized Factors per Reviewed Quantitative Paper 

Dimension Factor Factor Name and Item Count 

Technical Technological 
Readiness 

Digital IT capabilities [1] 
Organizational competency [2] 
IT infrastructure [4] 
Technical capability [5] 
Technology infrastructure [6] 
Technology infrastructure [11] 
Technology team support [11] 

Limited technological infrastructure 
[11]  
Limited technology support [11]  
Frequent interruptions in power and 
internet connectivity [13]  
Lack of proper infrastructure [14]  
Connectivity issues [14] 

8 

AI-Complexity Organizational complexity [2] 
Complexity [5]  
Data quality and availability [7] 
Accuracy, biases and errors 
[7] 
Ethical concerns [7]  

Uncertain processing and functions of 
AI algorithms [13] 
Lack of trust in AI outcomes [13] 
Lack of trust in AIoT [14]  
Lack of contextual awareness [16]  
Implementing method [16] 

6 

Compatibility Organizational compatibility [2] 
Perceived compatibility [4] 
Compatibility [5] 
Legacy systems [7]  

Stable process designs [11] 
Difficulty to integrate automation into 
existing processes [11] 
Limited robustness/stability of process 
designs [11]  

5 

Costs Costs and technology access 
[7] 
Cost of implementing AI in 
procurement [11] 
Costs of AI technology 
(licenses etc.) [11] 

Risk and Costs associated with 
construction projects [13] 
Unclear profits and advantages [13] 
Expensive and continuous 
maintenance requirements [13]  

5 

Benefits Competitive advantage [2] 
Perceived benefits [4] 
Relative advantage [5] 
Automation [7] 
Business development [7] 
Content creation [7] 
Cost savings [7] 

Customer satisfaction [7] 
Decision support [7] 
Efficiency, optimisation and 
productivity [7] 
Strategy and competition [7] 
Time and errors [7] 
AI technology advantage [9] 
 

5 

Cybersecurity 
Concerns 

Cyber security risks [11] 
Exploitation by 
hackers, cybercrimes and 
privacy intrusion [13] 
Cybersecurity [14]  

 3 

Organizational Employee 
Capability 

Workforce digital skill [6] 
Staff resistance [7] 
Skills and Competencies [10]  
Buyer engagement in AI [11] 

Team members trained in AI [11]  
Limited AI familiarity and ability 
amongst staff [11] 
Lack of professionals [14]  
 

5 

Management 
Support 

Leadership support [2] 
Managerial support [5] 
Management support [6] 

Leadership [10]  
Leadership support [11]  
Limited leadership support [11] 

5 

Organizational 
Resources 

Organizational readiness [2] 
Training and skills [7] 
Culture [10] 
Governance of digitalization 
[11] 

Stakeholder engagement in AI [11] 
Limited governance of automation 
[11] 
Limited business buy-in [11]  
 

4 

Environmental Market 
Complexity 

Market uncertainty [5] 
Market complexity [6] 
Environmental uncertainty [9] 

Fragmented and project-based nature 
of industry [13] 
Managing transportation [14] 
 

5 

External 
Support 

Partner support [2]  
Support from vendors [4] 
Vendor partnership [5] 
Supply chain collaboration [9] 

Suppliers able to invest in AI [11] 
Suppliers trained in AI [11] 
Suppliers engaged in AI [11]  
 

5 

Competitive 
Pressure 

Competitive advantage [2] 
External pressure [4] 

Competitive pressure [5] 
Competitive pressure [6]  

4 

Government 
Support 

Government support [4]  
Government support [5] 

Legal and regulatory [7] 
Legal and contractual issues [13]  

4 
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Appendix H: Factors per Reviewed Qualitative Paper 

Item Factor 

Category 

Detailed Evidence/Description Function Argument 

[12] AI-Complexity Application 
Complexity 

Firms doubt AI readiness due to complexity 
and unclear problem-solving transparency 
(p. 27) 

Complementary Confirms the perceived high complexity and 
immaturity of AI/multiagent system applications 
by specifying that opaque decision logic and 
unstable system behavior exacerbate firms’ 
concerns about AI readiness and technological 
barriers. 

Technological 
Readiness 

Lack of qualified 
experts 

Companies often lack skilled multiagent 
developers to manage complexity and 
develop AI (p. 27) 

Complementary Confirms that a shortage of AI/ multiagent 
system expertise hinders adoption due to 
insufficient capabilities to develop, configure, 
and maintain these systems. 

Costs High 
implementation 
and data costs 

High costs for software and hardware, data 
preparation, maintenance (p. 27-28) 

Complementary Confirms cost-related barriers by specifying 
that high software, hardware, data preparation, 
and maintenance costs increase the perceived 
financial burden of AI/ multiagent system 
adoption. 

Organizational 
Resources 

Organizational 
change 
challenges 

AI cause loss-of-control concerns and 
require major change management efforts 
(p. 28) 

Complementary Extends organizational readiness barriers by 
highlighting substantial change-management 
requirements and employee loss-of-control 
concerns not fully captured in quantitative 
studies. 

Employee 
Capability 

Employee 
resistance & job 
replacement 
fears 

Employees fear being replaced; behavioral 
factors hinder acceptance (p. 28) 

Complementary Confirms individual-level barriers by specifying 
that emotional resistance and job-replacement 
fears reinforce low trust and negative attitudes 
toward AI adoption. 

Attitude  
Need for human–
machine co-
existence 

Experts emphasize AI must allow human 
intervention in early years for trust building 
(p. 28)  

Contextualizing Contextualizes AI adoption by indicating that 
maintaining human intervention and shared 
control in early phases is essential for building 
trust and acceptance, a condition not 
addressed in quantitative studies. 

[15] AI-Complexity Outdated or 
incomplete data 

“An analysis has shown that even though a 
long history is available, some products 
were produced more frequently than 
others. As a result, an AI might accurately 
learn the production times for frequently 
demanded products but struggle to 
forecast those of rarely produced items 
due to limited examples.” (p. 316) 
“For certain products, there might not be 
enough examples to identify patterns and 
hence forecast the rework probability with 
sufficient accuracy. This could be 
problematic from an economical point of 
view, leading to machine reservations and 
under-utilized capacities, which could have 
been used to process another product.” (p. 
318) 

Complementary Confirms that poor data quality blocks 
meaningful AI use and prevents effective 
implementation in SMEs. 

AI-Complexity Lack of 
contextualized 
AI outputs 

“It does not consider interrelations and 
dependencies in production planning and 
therefore cannot tell when production 
should start and when it exactly ends. For 
instance, it takes neither tool change into 
account, which adds additional time 
needed, nor the current capacity usage or 
waiting time” (p. 316) 

Complementary Confirms the lack of contextualized AI outputs 
by specifying that processing-time predictions 
ignore tool changes, capacity constraints, and 
interdependencies, limiting their suitability for 
real production scheduling.. 

Attitude Threat to worker 
expertise and 
established 
routines 

“Introducing an AI that provides planners 
with greater insights disrupts current 
practices and somehow undermines the 
workers’ expertise, reframing their role and 
the communication between planners and 
workers.” (p. 317) 

Explanatory Explains negative attitudes toward AI by 
showing that it disrupts established planner, 
worker routines and challenges workers’ 
expertise, a social mechanism not captured in 
quantitative studies. 

Benefits AI-enabled 
rework 
prediction 
capability 

“Considering all these parameters, a 
heuristic approach like APS overlooks this 
aspect, as rework is not predefined (in the 
MD) as a mandatory step in the work plan 
and therefore is not always scheduled. An 
AI might infer patterns and rules to make 
this more manageable.” (p. 317) 
“Similar to Company A, an AI could use 
machine data that has already been 
collected to predict the occurrence of dull 
blades to avoid rework or estimate if the 
blade will require rework.” (p. 317) 

Explanatory Explains perceived performance and quality 
benefits by showing that AI-enabled rework 
and tool-wear prediction can reduce scrap and 
improve planning reliability, thereby clarifying 
why perceived usefulness drives adoption in 
quantitative studies. 
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AI-Complexity Difficulty 
interpreting 
machine-state 
data 

“The challenge lies in the combination of 
the data and interpretation of the saw 
blade’s transmitted state. When is a saw 
blade considered dull? Are there certain 
vibrations or an increased energy 
consumption an indicator? The 
interpretation relies heavily on the workers’ 
experience.” (p .318) 

Explanatory Explains output-quality barriers by showing that 
interpreting machine-state signals (e.g., 
vibrations, energy consumption) depends on 
tacit worker knowledge, making AI predictions 
difficult to trust without human judgment. 

AI-Complexity High manual 
data-labeling 
effort 

“Taking this first obstacle leads to the 
second, which results in the correct 
labeling of the data, which is a manual and 
time-consuming task, again demanding the 
expertise of the workers.” (p .318) 

Explanatory Explains persistent data-quality challenges by 
demonstrating that reliable AI predictions 
require extensive manual labeling based on 
worker expertise, creating significant initial 
effort. 

Benefits Enhanced 
process 
transparency 

“AI can use the feedback provided by 
workers in the PDAS to extract the 
processes that are actually performed and 
create a process map. These production 
flows can then be analyzed in more detail, 
for example, by product type. This reveals 
specific production flows and provides a 
better understanding of the actual 
production process. The AI could suggest 
the next work step, as well as the 
machines required. This information will 
help planners optimize production planning 
by bringing it closer to what happens on 
the shop floor and by finding solutions to 
problems during the planning phase” (p. 
318) 

Complementary Identifies a new perceived benefit by showing 
that AI can reconstruct actual production flows 
from PDAS data, making tacit worker practices 
visible and enabling planners to align 
schedules more closely with real shop-floor 
behavior. 

AI-Complexity Limited holistic 
planning 
capability of AI 
systems 

“They do not consider a wide variety of 
influencing parameters, like tool changes 
or order sequences. Thus, each space fails 
to address conflicts between objectives 
such as delivery time, optimum capacity 
utilization, or setup optimization. They 
provide selective support to cover certain 
partial aspects with additional information 
to facilitate the work of production 
planning, even if they do not represent a 
one-size-fts-all solution for overall 
production planning and scheduling.” (p 
319) 

Explanatory Explains insufficient task–technology fit by 
showing that AI systems fail to integrate key 
production-planning dependencies, limiting 
their ability to resolve trade-offs between 
planning objectives. 

Employee 
Capability 

Low 
understanding & 
skills of AI 

“For instance, many employees have little 
understanding of what AI is, what it can do 
and what it cannot do. The basis that AI 
requires was also only vaguely known.” (p. 
320). 

Complementary Confirms skill and knowledge gaps by 
indicating that employees’ limited 
understanding of AI capabilities and 
prerequisites reinforces barriers to AI adoption. 

Organizational 
Resources 

Participatory AI 
design for SCM 

“Nonetheless, the development of suitable 
AI technologies can be specifically tailored 
to the needs of SMEs. This requires 
moving in a direction that should aim for a 
highly participatory approach and 
ultimately even the democratization of 
model creation through model 
development by employees themselves. 
This requires further research in the areas 
of CSCW, end-user development, and 
participatory design” (p. 323). 

Contextualizing Contextualizes AI adoption in SCM by 
indicating that participatory design and 
employee involvement in model development 
enhance acceptance and alignment with SME-
specific needs. 

[17] Market 
Complexity 

Demand 
volatility 

“However, she assumed that the bakery is 
confronted with the problem of 
oversupplying/undersupplying market 
demand due to the current ordering 
process. This circumstance is particularly 
serious in the food industry, as the goods 
only have a limited shelf life, and goods 
from previous days cannot be sold the next 
day (Wen et al. 2014), at least not at the 
same conditions and with the same quality” 
(p. 267). 

Complementary Confirms that high demand uncertainty and 
perishability pressure in the food sector create 
strong environmental incentives to adopt AI-
based forecasting, aligning with quantitative 
findings on market complexity as an adoption 
driver. 

Technological 
Readiness 

Lack of technical 
infrastructure 

“However, as our empirical study and the 
current process have shown, there is 
neither a suitable digital data basis nor a 
technological infrastructure in place to 
introduce new forms of machine learning-
based sales planning. It was therefore first 
necessary to establish a suitable 
technological infrastructure to gather data 

Complementary Confirms that missing technological 
infrastructure blocks the implementation of ML-
based systems, consistent with quantitative 
insights on IT readiness limitations. 
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that might enable new forms of sales 
planning.” (p. 267-268) 

AI-Complexity Lack of data “However, as our empirical study and the 
current process have shown, there is 
neither a suitable digital data basis nor a 
technological infrastructure in place to 
introduce new forms of machine learning-
based sales planning. It was therefore first 
necessary to establish a suitable 
technological infrastructure to gather data 
that might enable new forms of sales 
planning.” (p. 267-268) 

Complementary Confirms that the absence of a structured 
digital data foundation prevents ML-based 
forecasting, reinforcing quantitative findings on 
data readiness barriers. 

AI-Complexity Outlier sensitivity “Although we obtained a high forecast 
quality for five of the seven days, two 
outliers led to a complete mistrust and 
rejection of the results.” (p. 283) 

Complementary Confirms that even isolated AI errors 
undermine trust and acceptance, reinforcing 
quantitative findings on error sensitivity and 
output reliability. 

AI-Complexity Poor usability 
and missing UI 

“Furthermore, the participants criticized the 
handling of the module. Currently, data has 
to be consolidated and prepared in an 
Excel file from different sources. In 
addition, the current version of the module 
does not include a comprehensive user 
interface.” (p. 284) 

Complementary Confirms that usability barriers, complex 
workflows and missing UI reduce acceptance, 
aligning with quantitative PEOU findings. 

Employee 
Capability 

Low 
technological 
understanding 

“Notably, the owner emphasized that ‘[…] 
there are no IT experts sitting here,’ to deal 
with the current module, and no one 
contradicted his quick, clearly formulated 
statement. Furthermore, responses clearly 
showed that a transparent explanation of 
the results is essential for trust, and the 
employees said they had too little 
technological understanding to fully 
comprehend how the system worked.” (p. 
284) 

Complementary Confirms that low AI literacy reduces trust and 
willingness to use AI, reinforcing quantitative 
knowledge-related barriers. 

AI-Complexity Lack of 
explainability 

“We tried to explain the data in more detail 
through various graphs, but this did not 
appear to be sufficient. When we were 
unable to explain Tuesday’s prediction 
regarding the forecast quantity, the 
skepticism in the owner’s facial expression 
increased significantly. Our attempts to get 
the owner to explore the data to determine 
possible reasons for deviations were 
quickly blocked: ‘There is not much interest 
in this kind of planning.” “Taking the 
adaptability of ML and the changing 
behavior of the model into account, it 
becomes even harder to interpret results, 
even for experts, such as data scientists, 
who face issues in trying to correctly 
interpret explainability models like SHAP 
(Kaur et al. 2020). Hence, trust issues 
arise and irritate users (Graaf et al. 2017; 
Lee et al. 2014).” (p. 284) 

Complementary Explains how missing explainability of AI 
directly undermine trust even when forecasts 
are technically sound. 

Management 
Support 

Lack of 
management 
support 

“Even though we as researchers can see 
the advantages in terms of production 
planning using the ML-based application, 
we quickly accepted that such a ML-based 
forecasting will not be used because the 
resistance of the owner is too great.” (p. 
284) 

Complementary Confirms that missing managerial support acts 
as a barrier to AI adoption, reinforcing 
quantitative findings on the critical role of 
leadership endorsement. 

Management 
Support 

Negative 
managerial 
attitude 

“There is not much interest in this kind of 
planning.” 
“ML-based forecasting will not be used 
because the resistance of the owner is too 
great.” (p. 284)  

Explanatory Explains adoption failure by showing that 
negative managerial attitudes lead to withheld 
support for AI-based planning, a management-
level mechanism not captured in quantitative 
studies. 

[18] Costs Cost reduction AI reduces energy use, labor effort, 
stationery cost, machine wear and 
increases process efficiency (p. 3515) 

Complementary Complements quantitative cost barriers by 
indicating that users perceive AI-enabled 
operational cost reductions through lower 
energy use, labor effort, machine wear, and 
increased process efficiency. 

Benefits Increased 
Employees’ 
Well-Being 

More comfort, less boredom (p. 3515) Complementary Complements quantitative adoption constructs 
by highlighting improved employee well-being 
through increased comfort and reduced 
monotony as an additional perceived benefit. 
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Benefits Travel distance 
and time 
reduction 

Optimal routing solution (p. 3514) Complementary Reinforces quantitative findings on perceived 
usefulness by showing that optimal routing 
reduces travel distance and task completion 
time, reflecting established operational 
efficiency mechanisms. 

Benefits Higher order 
simplicity 

Less complex documentation (p. 3514) Complementary Supports quantitative evidence on ease of use 
and process efficiency by illustrating how AI 
reduces documentation complexity and 
simplifies picking tasks. 

Benefits Improved 
documentation 

Lower use of order list printouts stationery 
(p. 3514) 

Complementary Reinforces quantitative insights on 
performance benefits by demonstrating 
reduced paperwork and streamlined 
documentation, without adding a novel 
theoretical mechanism 

Benefits Higher order-
picking accuracy 

Lower number of errors and wrong orders 
(p. 3514) 

Complementary Aligns with quantitative findings on accuracy 
and usefulness, confirming that AI improves 
picking precision. 

Benefits Positive 
environmental 
impacts 

Lower energy consumption, longer 
machine’s lifetime, lower paper 
consumption (p. 3515) 

Complementary Complements quantitative evidence by adding 
environmental benefits, such as lower energy 
use, extended machine lifetime, and reduced 
paper consumption, as an additional 
operational benefit dimension not captured in 
perceived usefulness constructs. 

Compatibility  Strategic 
alignment and 
process re-
engineering for 
compatability 

Functional integration, Strategic fit, 
Business process re-engineering (p. 3517) 

Contextualizing Specifies the organizational conditions under 
which AI-based batching can be adopted, 
showing that functional integration and 
workflow redesign are necessary for achieving 
compatibility with warehouse operations. 

Compatibility Technological 
integration & 
interoperability 

“The system did not cause us any 
problems and worked well with other 
systems” (p. 3518) 

Complementary Confirms quantitative findings that compatibility 
and system interoperability facilitate AI 
adoption by showing that stable integration 
with existing warehouse systems supports 
acceptance. 

External Support Vendor and 
stakeholder 
support 

Communication, Triadic (supply chain) 
collaboration (p. 3518) 

Complementary Confirms quantitative findings that external 
vendor and partner support is essential for AI 
adoption, as effective collaboration between 
ERP developers, AI providers and warehouse 
teams enables successful integration. 

Organizational 
Resources 

Education and 
training 

“We were provided with the necessary 
information through trainings” (p. 3518) 
“Using the system becomes easier with the 
training received” (p. 3518) 

Complementary Confirms quantitative findings that training and 
user education facilitate AI adoption by 
increasing user competence and reducing 
effort. 

Cybersecurity Data privacy 
management 
and regulatory 
compliance 

Data sharing permission, Confidentiality 
Agreement, Privacy and Regulatory 
Compliance (p. 3518) 

Critical Contrary to quantitative findings where data 
security and legal issues act as adoption 
barriers, this case shows that clear privacy 
management and regulatory compliance can 
instead enable AI adoption. 

Management 
Support 

Managerial 
commitment 

Willingness to change (p. 3519) Complementary Confirms quantitative findings that managerial 
support facilitates AI adoption, illustrating this 
effect through positive executive endorsement 
for technological change. 

[19] 
 
 
 
  

Costs Benefits Reduction of costs, OEE improvements, 
Stock rotation improvement (p. 17) 

Complementary Complements quantitative cost barriers by 
showing that AI can reduce operational costs 
and improve OEE, challenging predominantly 
negative cost-related assumptions in prior 
quantitative evidence. 

Benefits Speed Reduction of lead times, process reliability 
improvement (p. 17) 

Complementary Reinforces quantitative evidence by showing 
that AI reduces lead times and improves 
process reliability, reflecting established 
usefulness and efficiency mechanisms. 

Benefits Dependability Service level improvement (p. 17) Complementary Supports quantitative findings that AI enhances 
reliability and service levels, confirming 
established performance-related usefulness 
effects. 

Benefits Quality Increased product quality (p. 17) Complementary Aligns with quantitative evidence by showing 
that AI enhances product and process quality, 
reinforcing established usefulness 
mechanisms. 

Benefits Safety Safety improvement (p. 17) Complementary Adds practical evidence that AI can reduce 
workplace safety risks, complementing existing 
performance-related benefit. 

Benefits Sustainability Environmental sustainability improvement 
(p. 17) 

Complementary Complements quantitative findings by 
highlighting sustainability improvements as a 
benefit not captured in perceived usefulness 
constructs. 
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Costs High investment “[…] as well as the huge investment 
needed to conduct the data capture 
process without a clear return on 
investment” “Another critical issue is the 
ability to decide which AI project to develop 
because the investments are extremely 
high and take a long time to implement, 
and subsequently generate an uncertain 
value and ROI.” (p. 18) 

Complementary Confirms quantitative findings that high 
implementation costs and limited financial 
resources hinder AI adoption. 

Costs Lack of clarity 
regarding the 
economic benefit

p. 18 Complementary Aligns with quantitative evidence showing that 
unclear economic returns and low budgeting 
experience reduce adoption readiness. 

Employee 
Capability 

Limited skills “Another critical aspect that was 
emphasised concerns the availability of 
specific knowledge and skills, both 
concerning the internal production 
processes being addressed and 
development of AI models.” (p. 19) “The 
last critical issue is finding people who 
have the skills and abilities to implement 
such technologies. It is often necessary to 
turn to external consultancies that can 
support, at least in the initial stages, the 
development of the project and provide the 
appropriate skills that are not available 
within the company” (p. 19) “From the 
interviews, it emerges that the path of 
upskilling and reskilling of figures already 
present in the company appears to be 
impractical today, as the skills to be 
developed are very specific, and for the 
management of these projects, it is 
necessary to have already acquired a 
certain amount of experience because the 
problems to be faced are often poorly 
codified.” (p. 20) 

Complementary Confirms quantitative findings on the negative 
impact of limited skills and insufficient training 
and that even upskilling is not possible due to 
complexity. 

Organizational 
Resources 

Lack of internal 
digital culture 
and training 

“The first is the establishment of a change-
oriented corporate mindset and culture, as 
not all internal resources have the skills 
necessary to manage these new 
technologies.” (p. 18) 
“Additional evidence emerged from the 
cases is identified in the absence of an 
adequate culture of change that can 
support organisational structures and 
individuals in the adoption of technological 
solutions that can also have significant 
impacts on processes and areas of comfort 
that have been created over the years.” (p. 
20) 

Complementary Supports quantitative determinants such as 
organizational readiness and digital culture, 
validating that weak cultural support and 
insufficient training reduce AI adoption 
likelihood. 

Employee 
Capability 

Lack of 
employees’ 
readiness 

p. 18 Complementary Confirms quantitative results showing that 
resistance and low readiness hinder 
acceptance, reflecting the same individual-level 
behavioral barriers identified previously. 

External Support Lack of 
knowledge and 
collaboration 

“However, there is also an issue of lack of 
readiness from operators, low integration 
and collaboration among organisational 
departments and supply chain partners, 
difficult process changes, and ineffective 
change management.” (p. 20) 

Complementary Reinforces quantitative evidence that poor 
internal integration and limited knowledge 
sharing hinder adoption. 

Compatibility Compatibility, 
scalability and 
interoperability 
issues 

p. 18 Complementary Matches quantitative findings that compatibility 
and interoperability problems impede AI 
adoption. 

AI-Complexity Challenges in 
ensuring data 
quality 

“Five companies substantially confirm what 
emerges from the analysis of the main 
contributions that have appeared in the 
literature, highlighting the issue of data 
quality as the main barrier to 
implementation due to a low ability to 
govern the data acquisition processes and 
the subsequent archiving and processing 
phases.” (p. 20) 

Complementary Confirms quantitative results showing that poor 
data quality undermines AI performance and 
adoption. 
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Appendix I: Survey 

Demographic Questions 

Do you currently work in a supply chain management function or a supply chain sub-
process? 

Yes/No 

Which supply chain–related area do you primarily work in? 

☐ Plan 

(e.g., demand and sales forecasting, inventory 
planning, production or capacity planning, distribution 
network planning) 

☐ Source 

(e.g., procurement, supplier selection and 
coordination, sourcing, goods receipt, quality control) 

☐ Make 

(e.g., make-to-stock, make-to-order, engineer-to-order 
production) 

☐ Deliver 

(e.g., order fulfillment, picking and packing, 
transportation, distribution management) 

☐ Return 

(e.g., returns to suppliers or from customers, handling 
defective or excess products) 

☐ End-to-end supply chain management 

(overall responsibility across multiple SCOR 
processes) 

Is the organization you working in located in Germany? Yes/No 

Select your current position. 

☐ Executive Management 

☐ Senior Management 

☐ Other 

How long have you been working in your current role? 

☐ Less than 1 year 

☐ 1–2 years 

☐ 3–5 years 

☐ 6–10 years 

☐ More than 10 years 

Organizational Information  

What is the size of your organization? 

☐ Fewer than 50 employees 

☐ 50–249 employees 

☐ 250–999 employees 

☐ 1,000–4,999 employees 

☐ 5,000 or more employees 

What sector does your organization belong to? 

☐ Manufacturing / Industrial Production 

☐ Construction & Engineering 

☐ Agriculture, Food & Natural Resources 

☐ Mining & Raw Materials 

☐ Wholesale & Distribution 

☐ Retail & E-Commerce 

☐ Transportation & Logistics Services 

☐ Utilities & Energy Supply 

☐ Public Sector 

☐ Other (please specify) 

AI Adoption 

Which best describes your organization's current stage regarding the adoption of AI 
technologies in supply chain processes? 

☐ AI awareness without adoption consideration 

☐ Initial consideration of AI adoption (without active 

evaluation) 

☐ Active Evaluation of AI adoption (pilots or small 

experiments optional) 

☐ A decision to fully adopt AI has already been made 

(AI not yet implemented) 

☐ AI is currently being used in some supply chain 

processes 

☐ AI is widely and routinely used across supply chain 

processes 

 
Which supply chain–related use cases in your area of responsibility is your organization 
currently evaluating, testing, or using AI technologies for? If your organization is not 
considering or evaluating any AI technologies in your area of responsibility, please leave this 
field empty. 

Open Question 
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Conceptual Framework 

Factor Definition Subdimension Original Item Collection Final Item 
Source 
Original Item 

Technological 
Readiness 

Technological 
Readiness describes 
the extent to which 
an organization has 
the technological 
infrastructure and 
technical expertise 
required to implement 
digital innovations. 
(Zhu et al., 2006) 

Technical 
Infrastructure 

Your bank has the technical 
infrastructure to support the 
implementation of GenAI. 

Our organization has the technical 
infrastructure required for 
implementing AI technologies. 

Ajili Ben 
Youssef et 
al., 2025 

Network communication 
services (e.g., connectivity, 
reliability,  
availability, LAN, WAN, etc.) 

Our organization has reliable and 
high-quality network connectivity 
required for implementing AI 
technologies. 

McKinnie, 
2016 

Technical 
Expertise 

I feel that the staff would be 
equipped with the managerial 
and technical skills required 
for InRos. 

Our IT staff has the technical skills 
required to implement AI 
technologies. 

Pillai et al., 
2022 

We have experts in the AI 
domain in our organization. 

Our organization has personnel with 
the expertise in the AI domain. 

Chatterjee et 
al., 2021 

Compatibility 

Compatibility refers to 
the extent to which AI 
fits with existing 
values and beliefs 
(Rogers, 1983) and 
aligns with 
established 
processes and 
technological 
infrastructures. 
(Chatterjee et al., 
2021; Pillai et al., 
2022) 

Values 
GenAI aligns with your 
bank’s values and culture. 

AI technology aligns with our 
organization’s values and culture. 

Ajili Ben 
Youssef et 
al., 2025 

Processes 
InRos would be suitable for 
our work processes and 
practices in the organisation. 

AI technologies are compatible with 
our supply chain’s work processes 
and practices. 

Pillai et al., 
2022 

Technologies 

AI technology is compatible 
with the existing legacy 
system for production and 
manufacturing in our firm.  

AI technologies are compatible with 
the existing legacy systems in our 
supply chain processes. 

Chatterjee, 
2021 

GenAI easily integrates with 
IT systems and 
infrastructure. 

AI technologies can be integrated 
with IT systems and infrastructure in 
our supply chain processes.  

Ajili Ben 
Youssef et 
al., 2025 

Costs  

Costs refer to the 
financial 
requirements for 
acquiring, 
implementing and 
maintaining AI 
systems. (Rogers, 
1983; Fosso Wamba 
et al., 2024; van 
Hoek, 2024; Singh et 
al., 2023; Pillai et al., 
2022) 

Acquiring  
The cost of ECTI is high for 
our company. 

The costs of AI technologies are high 
for our organization. 

Ghobakhloo, 
2011 

Implementing  

The amount of money and 
time invested in training 
employees to use these 
technologies are very high. 

The amount of money and time 
invested in training to use AI 
technologies is high for our 
organization. 

Premkumar, 
1999 

InRos has high cost of 
installation. 

The installation of AI technologies 
involves high costs for our 
organization. 

Pillai, et al., 
2022 

Maintaining 

The cost of maintenance and 
support of these technologies 
are very high for our 
business. 

The costs of maintenance and 
support of AI technologies are high 
for our organization. 

Premkumar, 
1999 

Benefits 

Benefits refer to the 
expected operational, 
strategic or functional 
advantages that AI 
technologies provide. 
(Rogers, 1983; 
Premkumar, 1999; 
Pillai et al., 2022; 
Usmani et al., 2023; 
Wang & Pan, 2022; 
Chen et al., 2025) 

Strategic 
 

GenAI gives a competitive  
Advantage. 

AI technology provide a competitive 
advantage for our supply chain 
processes. 

Ajili Ben 
Youssef et 
al., 2025 

Operational 
 

InRos improve the overall 
productivity of the 
manufacturing process.  

AI technologies improve the overall 
efficiency of our supply chain 
processes. 

Pillai et al., 
2022 

InRos improve the overall 
productivity of the 
manufacturing process. 

AI technologies improve the overall 
productivity of our supply chain 
processes. 

Pillai et al., 
2022 

Functional 
 

- 

AI technologies provide analytical, 
forecasting or decision-making 
capabilities for our supply chain 
processes. 

Texeira et al., 
2025 

AI-Complexity 

AI-Complexity refers 
to the extent to which 
an organization 
perceives AI data 
requirements, limited 
transparency, 
algorithmic opacity, 
and potential biases 
as complex to 
manage. 
(Premkumar, 1999; 
Maduku et al., 2016; 
Culot et al., 2024; 
Jöhnk et al., 2021) 

Data 
Availability & 
Quality 

-  
The data requirements of AI 
technologies are complex for our 
organization to manage. 

Nikiforova et 
al., 2025 

Algorithmic 
Transparency 
& Explainability 

I can access a great deal of 
information which explaining 
how the AI system works. 

AI technologies provide insufficient 
information to help our organization 
understand how they work.  

Yu & Li, 2022 

I feel that the amount of the 
available information 
regarding the AI system’s 
reasoning is large. 

AI technologies provide insufficient 
information to help our organization 
understand their reasoning 
processes. 

Yu & Li, 2022 

Accuracy & 
Biases 

- 
The risk of biased or inaccurate 
outputs of AI technologies is complex 
for our organization to manage. 

Nikiforova et 
al., 2025 

Cybersecurity 
Concerns 

Cybersecurity 
Concerns refer to the 
perceived risks of 
cyberattacks, data 
breaches and privacy 
intrusions associated 
with AI systems 
(Nikiforova et al., 
2025), which create 
uncertainty and 
reduce organizational 
trust in their use. (van 
Hoek, 2024; Singh et 
al., 2023; Nozari et 
al., 2022) 

Concerns 
AI adoption in HRM create 
concerns regarding data 
security and privacy. 

AI technologies create concerns 
regarding data security and privacy 
risks for our organization. 

Faustine & 
Rachmawati, 
2024 

Access control 

Implementing AI in HRM 
creates vulnerability in 
access control of the 
organization’s information 
assets. 

AI technologies create vulnerabilities 
in the access control of our 
organization’s information assets. 

Faustine & 
Rachmawati, 
2024 

External 
dependency 

Implementation of AI in HRM 
create risks through 
excessive dependency on 
external vendors (AI tools 
developers). 

AI technologies create risks through 
excessive dependency on external 
vendors (AI developers) for our 
organization. 

Faustine & 
Rachmawati, 
2024 

Corporate 
policies  

Implementation of AI in HRM 
complicate the process of 
adhering to corporate policies 
in protecting individual 
privacy and data security. 

AI technologies complicate our 
organization’s adherence to 
corporate policies protecting 
individual privacy and data security. 

Faustine & 
Rachmawati, 
2024 
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Organizational 
Capability 

Organizational 
Capability refers to 
an organization’s 
capacity to combine 
(Amit & Schoemaker, 
1993) employee skills 
(Falayi et al., 2025; 
Dey et al., 2023), 
training resources 
(Chatterjee et al., 
2021) and cultural 
support (Dey et al., 
2023) to enable 
effective adoption of 
new technologies. 
 

Employee 

Most employees are willing to 
use these Industry 4.0 
technologies. 

Most employees in our supply chain 
processes are willing to use AI 
technologies. 

Zhong & 
Moon, 2023 

Most employees are able to 
use these Industry 4.0 
technologies after training. 

Most employees in our supply chain 
are able to use AI technologies after 
training. 

Zhong & 
Moon, 2023 

Training 
Resources 

I have all the readiness 
resources for learning the AI 
based manufacturing and 
production system in my firm. 

Our organization provides the 
necessary resources to support 
learning for working with AI 
technologies. 

Chatterjee et 
al., 2021 

Cultural 
Support 

In my organisation, there is 
strong emphasis on 
employee skills development.  

Our organization has a strong 
emphasis on employee skills 
development. 

Dey et al., 
2023 

Management 
Support 

Management Support 
refers to top 
leaderships 
commitment and 
resources that create 
a supportive 
environment and 
facilitate the adoption 
of new innovations 
(Premkumar, 1999; 
Wang et al., 2010 as 
cited in Low & Chen, 
2011) 

Support 

The owner or manager 
enthusiastically supports the 
adoption of these new 
technologies. 

Top management enthusiastically 
support the adoption of AI 
technologies in our supply chain 
processes. 

Premkumar, 
1999 

Resources 

The owner or manager has 
allocated adequate resources 
to adoption of these new 
technologies. 

Top management is willing to allocate 
adequate resources for the adoption 
of AI technologies in our supply chain 
processes. 

Premkumar, 
1999 

Awareness 
Top management is aware of 
the benefits of these new 
technologies. 

Top management is aware of the 
benefits that AI technologies could 
bring to our supply chain processes. 

Premkumar, 
1999 

Encourage 

Top management actively 
encourages employees to 
use the new technologies in 
their daily tasks. 

Top management actively encourage 
employees to use AI technologies in 
their work. 

Premkumar, 
1999 

External 
Pressure 

External Pressure 
captures SCM market 
related forces such 
as competitive 
intensity, market 
complexity and 
environmental 
uncertainty that 
influence AI adoption 
in SCM. (Premkumar, 
1999; Pillai et al., 
2022; Usmani et al., 
2023; Falayi et al., 
2025; Chatterjee et 
al., 2021) 

SC Market 
 

The global business 
environment is full of 
challenges. 

The supply chain environment we 
operate in is full of challenges. 

Wang & Pan, 
2022 

The changing global 
business environment. 

The supply chain environment we 
operate in is changing rapidly. 

Wang & Pan, 
2022 

Competitive 
Pressure 

We feel it is a strategic 
necessity to use these 
technologies to compete in 
the marketplace. 

AI adoption is perceived as a 
strategic necessity for our supply 
chain processes to compete in our 
sector. 

Premkumar, 
1999 

The adoption of GenAI is 
becoming a standard practice 
in the banking industry. 

AI adoption is becoming a standard 
practice in supply chain processes 
within our sector. 

Ajili Ben 
Youssef et 
al., 2025 

External 
Support 

External Support 
refers to “the 
availability of support 
for implementing and 
using an information 
system” (Premkumar, 
1999, p. 472) through 
vendors and partners 
(Pillai et al., 2021; 
Usmani et al., 2023; 
Chatterjee et al., 
2021) and SC 
collaboration (Wang 
& Pan, 2022). 

Promote 

Technology vendors promote 
these new technologies by 
offering free training 
sessions. 

There are technology vendors who 
promote AI technologies by offering 
free training sessions. 

Premkumar, 
1999 

Technical 
Assistance 

There are businesses in the 
community which provide 
technical support for effective 
use of these technologies.  

There are businesses which provide 
technical support for effective use of 
AI technologies. 

Premkumar, 
1999 

SC 
Collaboration 

Collaboration between supply 
chain companies to improve 
production processes. 

There is collaboration between our 
organization and other supply chain 
companies to support digital and AI-
related initiatives.  

Wang & Pan, 
2022 

Implementation 
Expertise 

There are agencies in the 
community who provide 
training on these new 
technologies. 

There are businesses who can 
provide training for AI technologies in 
our organization. 

Premkumar, 
1999 

Government 
Support 

Government Support 
refers to regulatory 
and policy actions by 
the government that 
create favorable 
conditions by 
establishing clear 
frameworks, enabling 
a trustworthy 
technological 
environment and 
providing incentives 
for technology 
adoption. (Zhu & 
Kraemer, 2005) 

Regulatory 

The current regulatory 
environment supports the 
adoption of GenAI. 

The current regulatory environment 
supports the adoption of AI 
technologies in our sector. 

Ajili Ben 
Youssef et 
al., 2025 

Government initiatives and 
infrastructure support the 
integration of GenAI. 

The current government initiatives 
and infrastructure support the 
adoption of AI technologies in our 
sector. 

Ajili Ben 
Youssef et 
al., 2025 

Incentives 

The government provides 
incentives/policies 
encouraging the adoption of 
GenAI. 

The government provides incentives 
that encourage the adoption of AI 
technologies in our sector. 

Ajili Ben 
Youssef et 
al., 2025 

The government financially 
supports the InRos 
technology. 

The government financially supports 
the adoption of AI technologies in our 
sector. 

Pillai et al., 
2022 

Intention to 
Adopt 

Intention to Adopt AI describes an 
organization’s motivated probability to 
implement AI technologies (Fishbein & 
Ajzen, 1975; Ajzen, 1991; Venkatesh et 
al., 2003; Rogers, 1983) 

I predict I would use the 
system in the next <n> 
months. 

Our organization expects that it will 
adopt AI technologies in our supply 
chain processes. 

Venkatesh et 
al., 2003 

I plan to use the system in 
the next <n> months. 

Our organization plans to adopt AI 
technologies in the near future in our 
supply chain processes. 

Venkatesh et 
al., 2003 

I intend to use the system in 
the next <n> months. 

Our organization intends to adopt AI 
technologies in our supply chain 
processes. 

Venkatesh et 
al., 2003 
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Appendix J: Use Cases of Post-Adopter 

SCOR process Description 

Plan “For example, we have implemented classical forecasting of demand and inventories 

within an integrated business planning tool that incorporates various AI-based forecasting 

models and scenario analysis capabilities, which we use on a regular basis.” 

“Demand forecasting (although I am not entirely certain whether this formally qualifies as 

AI)” 

Source “SAP Ariba” 

Make “e.g. bottleneck detection in fully automated machines used for lens manufacturing” 

Deliver “ETA forecasting using a self-developed model” 

 “Oracle Transportation Management” 

Return - 

End-to-end SCM - 
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Appendix K: Reliability Analysis 

Technological Readiness  
 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .788  .037  .716  .861  

 
 

Compatibility  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .897  .021  .856  .938  

 
 
Costs  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .762  .045  .674  .851  

 

 
Benefits  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .849  .038  .775  .923  

 
 
AI-Complexity  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .723  .072  .582  .863  

 

Cybersecurity Concerns  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .821  .035  .753  .889  

 

Organizational Capability  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .717  .055  .609  .825  
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Management Support  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .879  .021  .837  .921  

 

External Pressure  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .734  .053  .629  .838  

 

External Support  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .705  .080  .549  .861  

 

Government Support  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .691  .116  .464  .918  

 

Intention to Adopt  

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .950  .010  .931  .969  
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Appendix L: Descriptive Statistics 
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Appendix M: Correlation Analysis 
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Appendix N: Regression Assumptions 

The following detailed analysis of the regression assumptions examines the underlying 

assumptions that must be fulfilled to assure the validity of regression analysis (Hair et al., 

2019; Swanson & Holton, 2005; Wentura et al., 2023; Backhaus et al., 2025). The following 

analysis focuses on n = 67 of this thesis. 

Linearity 

Linearity is described as the “degree to which the change in the dependent variable is 

associated with the independent variable” (Hair et al., 2019, p. 288). Potential violations 

were assessed using the “Residual vs. Predicted” and “Partial Regression Plots”. In both 

plots, residuals should be randomly distributed around zero without systematic patterns (e.g. 

U-shaped) (Kutner et al., 2005). Visual analysis revealed no evidence of non-linearity. The 

following figure presents the “Residuals vs. Predicted” plot:   

                      

Therefore, the assumption of linearity is fulfilled. 

Homoscedasticity 

Homoscedasticity exists when “the error terms (residuals) are not constant across the range 

of the independent variable” (Hair et al., 2019, p. 290). A violation of homoscedasticity 

assumption would lead to biased standard errors of coefficients, thereby affecting the 

accuracy of p-values and confidence intervals. To examine if this assumption is violated, the 

“Residuals vs. Predicted” plot can be observed and is analyzed regarding the existence of 

unusual patterns for example triangle-shaped (Hair et al., 2019; Backhaus et al., 2025). The 

residuals show a vertical distribution across the range of independent variables and show 

no patterns or unusual shapes. 

Therefore, the assumption of homoscedasticity is fulfilled. 
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Normality 

The assumption of normality in multiple regression is generally considered relevant to 

ensure the validity of significance tests and confidence intervals (Hair et al., 2019; Backhaus 

et al., 2025). In the present analysis, normality was analyzed by viewing the skewness and 

kurtosis of the standardized residuals, the histogram of the residuals, as well as by 

conducting a Shapiro-Wilk test and visual analysis of the Q-Q plot. 

The standardized residuals of the regression model result in a skewness of -.399 and a 

kurtosis of .490. To further assess normality, z-values were calculated by dividing skewness 

and kurtosis by using their standard errors. This resulted in a z-value of -1.36 for skewness 

and .85 for kurtosis. Both values fall within the recommended range of ±1.96, indicating no 

significant deviation from normality (Field, 2009).  

Additionally, the Shapiro-Wilk test yields a p-value of .502, indicating no statistically 

significant deviation from normality of standardized residuals (Field, 2009). 

Skewness, kurtosis and Shapiro-Wilk test of standardized residuals  

  Residuals 

Skewness  -.399 

Std. Error of Skewness  .293  

Kurtosis  .490  

Std. Error of Kurtosis  .578  

Shapiro-Wilk  .983  

P-value of Shapiro-Wilk  .502  

 

Furthermore, the standardized residuals were visually analyzed using a histogram and a Q-

Q plot (Backhaus et al., 2025). The plot indicates a close approximation of the residuals with 

normal distribution within the central quantiles, with moderate deviations in the left tail and 

slight deviations in the upper right tail. Such deviations are common in applied research and 

are generally not considered critical (Backhaus et al., 2025). Overall, the visual analysis 

supports the assumption of approximate normality. These results suggest an adequate 

approximation to normality.  
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Therefore, the assumption of normality is fulfilled. 

Outliers 

In addition, the data were examined for potential outliers based on the standardized 

residuals, as extreme values may disproportionately influence regression results. 

Standardized residuals exceeding ±3 are commonly considered as substantial outliers 

(Backhaus et al., 2018). The analysis indicates that the standardized residuals range from -

2.713 to 2.445, suggesting the presence of moderate but no critical deviations. Additionally, 

Cook’s distance values were inspected and found to be substantially below the threshold of 

1, indicating no evidence of highly influential cases (Backhaus et al., 2025). 

Residuals Statistics  

  Minimum Maximum Mean SD N 

Std. Residual  -2.713  2.445  .002  .999  67  

 

Multicollinearity  

Multicollinearity refers to “shared variance with another variable(s)” (Hair et al., 2019, p. 311) 

within a multiple regression analysis, which can influence the predictive power of the 

regression model and the regression coefficients and significance results (Hair et al., 2019; 

Backhaus, 2025). To assess multicollinearity the tolerance and VIF was analyzed. The VIF 

values ranged between 1.122 and 1.979 indicating no violation against the recommended 

threshold of 5 for smaller samples and the maximum VIF threshold of 10 (Hair et al., 2019; 

Backhaus et al., 2018; Field, 2009). The tolerance was also above the recommended 

threshold of .25 (Urban & Dieter, 2018).  



Appendix  

113 

Tolerance and VIF   

                                 Tolerance    VIF 

Technological Readiness   .689  1.452 
Compatibility   .690  1.449 
Costs   .875  1.143 
Benefits   .845  1.184 
AI-Complexity   .833  1.200 
Cybersecurity Concerns   .891  1.122 
Management Support   .624  1.602 
Organizational Capability   .505  1.979 
External Pressure   .862  1.160 
External Support   .838  1.194 
Government Support   .856  1.169 

 

Therefore, the assumption of no multicollinearity is fulfilled.  

Autocorrelation 

Another assumption to be examined concerns the potential autocorrelation of residuals. 

Autocorrelation occurs when residuals are correlated with one another, a phenomenon that 

is particularly relevant in time-series analyses (Kutner et al., 2005; Backhaus et al., 2025). 

Although the present study uses cross-sectional data, the absence of autocorrelation should 

be verified. The Durbin-Watson test is used to detect autocorrelation of residuals. Values 

between 1.5 and 2.5 are generally interpreted as indicating no substantial autocorrelation 

as they are close to 2 (Backhaus et al., 2025). 

The analysis results in a Durbin-Watson value of DW = 2.261, suggesting no substantial 

autocorrelation of residuals.  

Durbin-Watson 

    Autocorrelation    Statistic        p 
 -.184  2.261   .254 

 

Therefore, no extreme autocorrelation exists. 

 

 

 

 

 

 

 



Appendix  

114 

Appendix O: Regression Analysis 
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Appendix P: Reliability Analysis Awareness and Consideration 

Organizational Readiness - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .843  .041  .736  .923  

 

Management Support - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .788  .069  .654  .922  

 

Benefits - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .729  .094  .544  .913  

 

Costs - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .676  .120  .440  .911  

 

Technological Risk - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .545  .144  .262  .828  

 

Environmental Influence - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .533  .214  .114  .953  

 

Intention to Adopt - Awareness 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .922  .048  .827  1.016  
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Organizational Readiness - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .833  .037  .760  .905  

 

Management Support - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .882  .034  .815  .949  

 

Benefits - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .879  .052  .777  .981  

 

Costs - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .746  .080  .589  .903  

 

Technological Risk - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .789  .044  .703  .874  

 

Environmental Influence - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .590  .097  .399  .780  

 

Intention to Adopt - Consideration 

 95% CI 

Coefficient Estimate Std. Error Lower Upper 

Coefficient α  .956  .0011  .934  .978  
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Appendix Q: Descriptive Statistics Awareness, Consideration and 

Intention 
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Appendix R: Correlation Analysis Awareness, Consideration and 

Intention 
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Appendix S: Regression Assumptions Awareness and Consideration 

The following detailed analysis of the regression assumptions examines the underlying 

assumptions that must be met to ensure the validity of regression analysis (Hair et al., 2019; 

Swanson & Holton, 2005; Wentura et al., 2023; Backhaus et al., 2025). The analysis 

examines the assumptions for the awareness and consideration stage separately. 

A detailed explanation of the definitions and threshold values for each assumption is 

provided in the Appendix N. 

Linearity 

Visual analysis of the “Residual vs. Predicted” and “Partial Regression Plots” for the 

awareness and consideration stage indicated no evidence of non-linearity as residuals were 

randomly distributed around zero without systematic patterns. 

        

Awareness                                                                                  Consideration 

Homoscedasticity 

The visual analysis of the “Residuals vs. Predicted” plot for the awareness stage showed 

the existence of a slight triangle-shaped pattern. Although heteroscedasticity does not bias 

coefficient estimates, it reduces their efficiency and may lead to biased standard errors and 

test statistics (Wooldridge, 2009). Consequently, results for the awareness stage are 

interpreted with appropriate caution. The visual analysis for the consideration stage showed 

no existence of systematic patterns, indicating no heteroscedasticity.  

Normality 

Normality was analyzed by viewing the skewness and kurtosis of the standardized residuals, 

the histogram of the residuals, as well as by conducting a Shapiro-Wilk test and visual 

analysis of the Q-Q plot. 
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In the awareness stage the standardized residuals result in a skewness of .240 and a 

kurtosis of -.128. To further assess normality, z-values were calculated by dividing skewness 

and kurtosis by using their standard errors. This resulted in a z-value of .499 for skewness 

and -.137. Both values fall within the recommended range of ±1.96, indicating no significant 

deviation from normality (Field, 2009). Additionally, the Shapiro-Wilk test yields a p-value of 

.949, indicating no statistically significant deviation from normality of standardized residuals 

(Field, 2009). 

Skewness, Kurtosis and Shapiro-Wilk Test of Standardized Residuals - Awareness 

  Residuals 

Skewness  .240 

Std. Error of Skewness  .481  

Kurtosis  -.128  

Std. Error of Kurtosis  .935  

Shapiro-Wilk  .983  

P-value of Shapiro-Wilk  .949  

 

Furthermore, the standardized residuals were visually analyzed using a histogram and a Q-

Q plot (Backhaus et al., 2025). The plot indicates a close approximation of the residuals with 

normal distribution within the central quantiles, low deviations in the tails. Overall, the visual 

analysis supports the assumption of approximate normality.  

              

Awareness 

These results suggest an adequate approximation to normality for the awareness stage. 

In the consideration stage the standardized residuals result in a skewness of -.740 and a 

kurtosis of .252. The resulting z-value of -1.84 for skewness and .319 fall within the 

recommended range of ±1.96, indicating no significant deviation from normality (Field, 
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2009). Additionally, the Shapiro-Wilk test yields a p-value of .127, indicating no statistically 

significant deviation from normality of standardized residuals (Field, 2009). 

Skewness, Kurtosis and Shapiro-Wilk Test of Standardized Residuals - Consideration 

  Residuals 

Skewness  -.740 

Std. Error of Skewness  .403  

Kurtosis  .252  

Std. Error of Kurtosis  .788  

Shapiro-Wilk  .951  

P-value of Shapiro-Wilk  .127  

 

Furthermore, the standardized residuals were visually analyzed using a histogram and a Q-

Q plot (Backhaus et al., 2025). The plot indicates a close approximation of the residuals with 

normal distribution within the central quantiles, with moderate deviations in the tails. Such 

deviations are common in applied research and are generally not considered critical 

(Backhaus et al., 2025). Overall, the visual analysis supports the assumption of approximate 

normality. These results suggest an adequate approximation to normality for the 

consideration stage. 

   

Consideration 

These results suggest an adequate approximation to normality for the consideration stage. 

Outliers 

In addition, the data were examined for potential outliers based on the standardized 

residuals, as extreme values may disproportionately influence regression results. The 

analysis indicates that standardized residuals range from -1.753 to 2.203 in the awareness 

stage and from -2.497 to 1.906 in the consideration stage. Additionally, Cook’s distance 
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values were inspected and found to be substantially below the threshold of 1, indicating no 

evidence of highly influential cases for the awareness and consideration stage (Backhaus 

et al., 2025).  

Residuals Statistics - Awareness 

  Minimum Maximum Mean SD N 

Std. Residual  -1.753  2.203  -.007  1.008  23  

 

Residuals Statistics - Consideration 

  Minimum Maximum Mean SD N 

Std. Residual  -2.497  1.906  .009  1.008  34  

 

Multicollinearity  

To assess multicollinearity the tolerance and VIF was analyzed. The VIF values ranged 

between 1.280 and 2.879 in the awareness stage and ranged from 1.124 to 1.376 in the 

consideration stage, indicating no violation against the recommended threshold of 5 for 

smaller samples and the maximum VIF threshold of 10 (Hair et al., 2019; Backhaus et al., 

2018; Field, 2009). The tolerance was also above the recommended threshold of 0,25 

(Urban & Dieter, 2018). 

Tolerance and VIF - Awareness   

                                 Tolerance    VIF 

Organizational Readiness   .459  2.180 
Management Support   .781  1.280 
Costs   .529  1.889 
Benefits   .347  2.879 
Technological Risk   .620  1.614 
Environmental Influence   .619  1.616 

 

Tolerance and VIF - Consideration   

                                 Tolerance    VIF 

Organizational Readiness   .802  1.246 
Management Support   .775  1.291 
Costs   .759  1.318 
Benefits   .890  1.124 
Technological Risk   .727  1.376 
Environmental Influence   .882  1.133 

 

Therefore, the assumption of no multicollinearity for the awareness and consideration stage 

is fulfilled.  

 



Appendix  

123 

Autocorrelation 

Autocorrelation occurs when residuals are correlated with one another, a phenomenon that 

is particularly relevant in time-series analyses (Kutner et al., 2005; Backhaus et al., 2025).  

The Durbin-Watson test resulted in DW = 1.740 for the awareness stage and in DW = 1.890, 

indicating no substantial autocorrelation.  

Durbin-Watson - Awareness 

    Autocorrelation    Statistic        p 
 .077  1.740   .628 

  

Durbin-Watson - Consideration 

    Autocorrelation    Statistic        p 
 -.007  1.890   .712 

 

Therefore, no extreme autocorrelation exists in the awareness and consideration stage. 
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Appendix T: Regression Analysis Awareness and Consideration 
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11 Disclosure on the Use of Artificial Intelligence 

In this thesis AI tools (including generative AI such as ChatGPT or Google Gemini) were 

used solely for brainstorming, language refinement and structural support. All research 

design, data analysis, interpretation of results, and academic arguments were developed 

independently by the author. Full responsibility for the content of this thesis rests with the 

author. 
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