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ABSTRACT: Artificial intelligence (AI) is transforming procurement through intelligent automation, 
predictive analytics, real-time decision support, and data-driven supplier management, creating new 
opportunities to advance sustainable supply chain performance. Yet, research on AI-driven sustainable 
procurement management remains fragmented across the AI, procurement, and sustainable supply chain 
domains, limiting theoretical integration and a systematic understanding of how AI-enabled capabilities 
can generate sustainability value. This study addresses this gap through a systematic literature review (SLR) 
of peer-reviewed studies published between 2011 and 30 June 2026. The review synthesizes the evolution 
and intellectual structure of the field across AI technologies and capabilities, procurement applications, 
sustainability dimensions, supply chain resilience, theoretical perspectives, methodological approaches, 
and contextual conditions. The findings show that existing research is primarily concentrated on technology 
adoption, process automation, predictive analytics, and operational efficiency, while comparatively limited 
attention has been directed toward the organizational, relational, and governance mechanisms that shape 
the translation of AI capabilities into sustained and multidimensional sustainability outcomes. The research-
gap analysis identifies important deficiencies in end-to-end procurement integration, AI capability maturity, 
data governance and interoperability, predictive sustainability risk management, responsible supplier 
management, human–AI collaboration, explainability and accountability, contextual boundary conditions, 
and comprehensive sustainability measurement. In response, the study develops an integrative future 
research agenda that moves beyond technology adoption toward capability development, responsible AI 
governance, resilient procurement ecosystems, and measurable sustainability value creation. By integrating 
fragmented streams of research and clarifying the relationships among AI capabilities, procurement 
processes, and sustainable supply chain outcomes, this study advances the conceptual foundations of AI-
driven sustainable procurement management. It provides a structured basis for cumulative scholarship and 
evidence-informed managerial practice. 

Keywords: Artificial intelligence; AI capabilities; Sustainable procurement; Procurement 4.0; Sustainable 
supply chains; Supply chain resilience; Responsible AI; Industry 4.0; Industry 5.0 
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1. Introduction 

Supply chain management (SCM) encompasses the coordinated planning and management of sourcing, 
production, logistics, information flows, and interorganizational relationships through which value is 
created, transferred, and delivered across supply networks. However, intensifying environmental pressures, 
social expectations, resource constraints, stakeholder demands, and regulatory requirements have 
progressively shifted SCM beyond its traditional efficiency-oriented paradigm toward sustainable supply 
chain management (SSCM). SSCM integrates economic, environmental, and social considerations into 
supply chain strategies, processes, and decisions, requiring organizations to reconcile operational and 
financial performance with environmental stewardship and social responsibility. Accordingly, 
contemporary supply chain performance is increasingly evaluated through multidimensional criteria, 
including carbon emissions, resource efficiency, ethical sourcing, stakeholder accountability, social 
responsibility, and alignment with the United Nations Sustainable Development Goals (SDGs) [1–4].  

Within this transformation, procurement represents a strategically consequential function because 
sourcing and purchasing decisions directly influence expenditure, operational continuity, supplier 
relationships, resource consumption, risk exposure, and a substantial share of upstream sustainability 
impacts. Procurement has therefore evolved from a predominantly transactional and cost-oriented activity 
into a strategic organizational capability supporting competitiveness, agility, resilience, innovation, 
supplier development, risk management, and long-term value creation. Its strategic scope increasingly 
encompasses sourcing optimization, supplier relationship management, quality assurance, supply 
continuity, risk mitigation, and sustainability performance. At the same time, the increasing volume, 
velocity, complexity, and heterogeneity of procurement data have intensified the need for advanced 
analytical and decision-support capabilities. Against this backdrop, artificial intelligence (AI) has emerged 
as a potentially transformative capability for prediction, intelligent data analysis, risk identification, 
decision support, automation, and procurement process optimization [5–7]. 

AI is simultaneously reshaping SCM by altering how organizations sense uncertainty, process 
information, coordinate activities, and make decisions. Advances in machine learning, predictive analytics, 
natural language processing (NLP), intelligent automation, computer vision, and generative AI have 
expanded organizational capacity to forecast demand, identify emerging risks, automate routine activities, 
support complex decisions, and coordinate supply chain operations. These developments are particularly 
consequential for procurement because supplier selection, strategic sourcing, contracting, resource 
allocation, and supply continuity decisions can generate cascading economic, environmental, and social 
consequences across supply networks [8–11]. 

1.1. Artificial Intelligence and Sustainable Procurement in Supply Chains 

Digital transformation has further reshaped procurement by integrating enterprise resource planning 
(ERP) systems, e-procurement platforms, cloud computing, big data analytics, blockchain, the Internet of 
Things (IoT), and digital twins. These technologies have enhanced procurement visibility, supplier 
collaboration, process integration, and real-time information exchange across organizational and supply 
chain boundaries, while generating increasingly large volumes of structured and unstructured data [12,13]. 
This expanding digital infrastructure and data ecosystem provides a critical foundation for AI adoption by 
enabling organizations to collect, integrate, process, and analyse complex procurement information at 
greater speed and scale. AI extends these foundations through predictive analytics, pattern recognition, 
intelligent automation, anomaly detection, optimization, and data-driven decision support. Digital 
transformation should therefore be understood not simply as a precursor to AI adoption but as an enabling 
infrastructure and capability base through which AI can be developed, integrated, and embedded within 
procurement systems [14–17]. 
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Bienhaus and Haddud (2018) [18] identify Industry 4.0 as a significant emerging challenge and 
strategic priority for procurement, emphasizing the transformative role of digital technologies in reshaping 
procurement processes, strengthening supply chain integration, and enhancing organizational value. In this 
context, Procurement 4.0 represents the digital transformation of procurement through advanced 
technologies, integrated systems, and data-driven processes across supply chains [19]. It enables 
organizations to improve operational efficiency, decision quality, resource utilization, transparency, and 
process integration while reducing costs, waste, and inefficiencies. Through real-time information exchange 
and enhanced collaboration among supply chain stakeholders, Procurement 4.0 can also support innovation, 
competitiveness, and organizational resilience [20]. Moreover, data-driven supplier management, risk 
assessment, and resource optimization facilitate more agile and sustainable procurement practices. 
Procurement 4.0, therefore, signifies a transition from traditional transaction-oriented procurement toward 
digitally enabled, data-driven, sustainable, and strategically integrated procurement, creating value for 
organizations and their stakeholders [21,22].  

The application of AI to procurement consequently extends this transformation from transactional 
automation toward intelligent, predictive, and adaptive decision-making. AI-enabled applications can 
support demand forecasting, procurement planning, inventory management, logistics coordination, supplier 
monitoring, risk identification, sourcing decisions, and end-to-end supply chain visibility. These 
capabilities can enhance the speed, accuracy, consistency, and analytical depth of procurement decisions 
while creating opportunities to embed sustainability considerations within sourcing and purchasing 
activities. Existing research indicates that AI can contribute to economic sustainability through efficiency 
and cost optimization, environmental sustainability through resource optimization and emissions reduction, 
and social sustainability through improved compliance, transparency, and traceability [23–27]. 

The convergence of AI and sustainable procurement is therefore strategically significant. AI can 
support sustainable supplier selection and evaluation, strategic sourcing, ESG assessment, supplier risk 
monitoring, transparency and traceability, resource optimization, circular procurement, compliance 
monitoring, and sustainability performance assessment. Its ability to process large volumes of structured 
and unstructured data can increase the scale, speed, and analytical sophistication of procurement decision-
making. However, AI adoption does not inherently generate sustainable procurement outcomes. Its 
sustainability implications depend on how technological resources are converted into organizational 
capabilities, embedded within procurement routines, integrated into buyer–supplier relationships, and 
governed within organizational and institutional contexts [28–30]. 

Research in this area has expanded considerably since 2020, partly in response to the COVID-19 
pandemic and the disruptions it generated across global value chains. These disruptions exposed 
vulnerabilities in conventional procurement arrangements and accelerated digitalization, strengthening 
interest in AI-enabled efficiency, resilience, visibility, risk management, and decision-making. Guida et al. 
(2023) [31] provided an important foundation by reviewing research published up to December 2020 and 
developing a systematic framework for understanding AI applications and implications within procurement. 
However, that review predates the substantial expansion of post-pandemic scholarship and the rapid 
evolution of AI technologies, particularly generative AI and increasingly autonomous intelligent systems. 
The strategic purchasing process proposed by Spina et al. (2013) [32] provides a complementary foundation 
for mapping AI applications across the procurement lifecycle. 

Institutional guidance further reinforces this strategic shift. ISO 20400:2017 [33], Sustainable 
Procurement—Guidance, provides a framework for embedding sustainability principles within 
organizational procurement policies, processes, and decision-making. Its life-cycle perspective emphasizes 
stakeholder impacts, supply chain due diligence, and non-financial risks while encouraging alignment 
between procurement practices and broader organizational sustainability objectives. Integrating 
environmental, social, and governance considerations into supplier selection and evaluation can therefore 
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strengthen responsible sourcing, improve sustainability-risk management, and support long-term value 
creation throughout supply networks [34]. 

Table 1 provides an integrated overview of six interconnected procurement domains: planning and 
strategic sourcing; supplier intelligence and management; purchasing and spend management; contract and 
governance management; risk and resilience management; and sustainable procurement and ESG 
management. It highlights how AI-enabled capabilities—including predictive analytics, intelligent 
automation, supplier analytics, NLP, generative AI, risk intelligence, and sustainability modelling—can 
enhance decision-making, efficiency, transparency, resilience, and sustainability performance across the 
procurement lifecycle, thereby supporting the transition toward intelligent, resilient, and sustainable 
procurement management. 

Table 1. Procurement Management Processes and AI-Enabled Capabilities. 

No.
Procurement 
Domain 

Core Processes AI-Enabled Capabilities Key Value Outcomes 

1 
Planning and 
Strategic Sourcing 

Procurement planning, demand 
forecasting, market intelligence, 
category management, and 
strategic sourcing 

Predictive analytics, forecasting, 
optimization, scenario modelling, 
and decision support 

Efficiency, agility, cost 
optimization, and decision 
quality 

2 
Supplier Intelligence 
and Management 

Supplier discovery, evaluation, 
selection, monitoring, 
performance management, and 
development 

Supplier analytics, AI screening, 
predictive scoring, risk profiling, 
NLP, and recommendation systems 

Supplier quality, 
diversification, resilience, and 
sustainability 

3 
Purchasing and 
Spend Management 

Purchasing, ordering, procure-to-
pay, spend classification, and 
expenditure analysis 

Intelligent automation, NLP, spend 
analytics, anomaly detection, and 
workflow automation 

Productivity, spend visibility, 
control, and process efficiency. 

4 
Contract, 
Compliance, and 
Governance 

Contract analysis, negotiation 
support, obligation tracking, 
compliance monitoring, and 
governance 

Generative AI, NLP, contract 
intelligence, automated monitoring, 
and anomaly detection 

Transparency, compliance, 
accountability, and risk 
reduction 

5 
Risk, Resilience, and 
Performance 
Management 

Risk assessment, disruption 
monitoring, performance 
evaluation, contingency planning, 
and corrective action 

Predictive analytics, risk 
intelligence, early-warning 
systems, scenario modelling, and 
prescriptive analytics 

Resilience, continuity, 
responsiveness, and risk 
reduction 

6 
Sustainable 
Procurement and 
ESG Management 

Sustainable sourcing, ESG 
assessment, responsible sourcing, 
circular procurement, and 
sustainability monitoring 

ESG analytics, life-cycle 
assessment, carbon modelling, 
sustainability-risk prediction, and 
optimization 

Emission reduction, resource 
efficiency, circularity, social 
value, and sustainable 
performance 

Figure 1 complements Table 1 by conceptualizing the relationships among AI resources, AI-enabled 
capabilities, procurement transformation, enabling conditions, responsible AI governance, and 
sustainability outcomes. AI-enabled procurement capabilities are the primary mechanism by which AI 
resources influence procurement transformation and supply chain outcomes. However, these relationships 
are shaped by data quality, digital infrastructure, organizational capabilities, supplier readiness, 
interorganizational collaboration, and institutional conditions. Responsible AI governance—including 
transparency, explainability, fairness, accountability, security, privacy, and human oversight—provides a 
cross-cutting foundation for ensuring that AI-enabled procurement is implemented responsibly and 
contributes to sustainable outcomes. 
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Figure 1. Overview of AI-Driven Sustainable Procurement Management in Supply Chains. 

Despite increasing scholarly attention, research at the intersection of AI, sustainable procurement, and 
SCM remains fragmented and insufficiently integrated. AI research has predominantly focused on 
forecasting, automation, efficiency, visibility, resilience, and decision support, whereas sustainable 
procurement research has concentrated on green purchasing, sustainable supplier selection, ethical sourcing, 
circular procurement, and sustainability performance. Although these streams are increasingly converging, 
they remain differentiated in their conceptualizations, theoretical foundations, empirical settings, 
methodological approaches, technological orientations, and outcome measures. Consequently, the literature 
provides limited cumulative understanding of how AI-enabled procurement capabilities translate into 
measurable and sustained sustainable supply chain value [35]. 

Several gaps are particularly evident. Conceptually, AI capabilities and sustainable procurement have 
not yet been sufficiently integrated into a coherent analytical framework. Theoretically, limited attention 
has been given to how AI resources are transformed into organizational procurement capabilities and 
embedded within procurement routines and buyer–supplier relationships. At the process level, studies 
frequently examine isolated AI applications rather than treating procurement as an interconnected end-to-
end system. Contextually, the roles of organizational capabilities, supplier readiness, digital infrastructure, 
interorganizational collaboration, and institutional environments remain insufficiently synthesized. From a 
governance perspective, responsible AI issues—including transparency, explainability, fairness, 
accountability, privacy, cybersecurity, and human oversight—remain underdeveloped. Methodologically, 
heterogeneity in research designs, theoretical perspectives, technologies, empirical contexts, and 
sustainability measures constrains comparison, replication, and cumulative theory development. 

1.2. Research Gap, Purpose, and Contributions 

Although existing research has generated valuable insights into AI-enabled supply chains, digital 
procurement, sustainable sourcing, supplier selection, and intelligent decision-making, these streams 
remain insufficiently integrated. This fragmentation limits the development of a coherent understanding of 
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AI-driven sustainable procurement management as an emerging interdisciplinary research domain. In 
particular, there is limited synthesis on the relationships among AI resources, AI-enabled capabilities, 
procurement processes, organizational and contextual conditions, governance mechanisms, and 
sustainability and resilience outcomes. 

To address this limitation, the present study conducts a systematic literature review (SLR) of scholarly 
research published between 2011 and 30 June 2026. The review examines the evolution and intellectual 
structure of the field, dominant research themes, theoretical foundations, AI technologies and capabilities, 
procurement applications, sustainability and resilience outcomes, research contexts, and methodological 
approaches. It also identifies conceptual, theoretical, methodological, technological, contextual, 
governance, and empirical gaps and develops a forward-looking research agenda for advancing AI-driven 
sustainable procurement. 

Research Objectives: 
RO1: To examine the evolution and development of AI-driven sustainable procurement research. 
RO2: To synthesize key AI applications, capabilities, and sustainability outcomes. 
RO3: To identify critical gaps in the existing literature. 
RO4: To develop an integrated agenda for future research. 
Research Questions: 
RQ1: How has AI-driven sustainable procurement research evolved? 
RQ2: What AI applications and capabilities, and sustainability outcomes, have been examined? 
RQ3: What are the critical gaps in the existing literature? 
RQ4: What future research directions can advance AI-driven sustainable procurement? 
The paper is organized as follows. Section 2 presents the methodology for the systematic literature 

review. Section 3 synthesizes the literature and presents the principal findings and research gaps. Section 4 
develops future research directions and the proposed research agenda. Section 5 concludes the study by 
discussing the principal findings, theoretical and practical implications, study limitations, and opportunities 
for future research. 

2. Systematic Literature Review Methodology 

This study employs a Systematic Literature Review (SLR) to systematically identify, evaluate, synthesize, 
and critically interpret research on AI-driven sustainable procurement management in supply chains. The 
review covers peer-reviewed journal articles published from 2011 to 30 June 2026 and follows the Preferred 
Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA 2020) framework to enhance 
transparency, rigor, and reproducibility [36]. The review consists of eight interconnected stages: (1) data 
sources and search strategy, (2) eligibility criteria, (3) screening and PRISMA workflow, (4) quality 
assessment, (5) data extraction and evidence synthesis, (6) methodological positioning, (7) research-gap 
analysis, and (8) future research directions. The analytical approach combines descriptive characterization 
with thematic and critical conceptual synthesis to examine how AI capabilities are integrated into procurement 
processes and how their outcomes are shaped by organizational resources, technological infrastructure, 
supplier relationships, institutional conditions, and governance mechanisms. Particular attention is given to 
the distinction between AI adoption and AI-enabled capability development and to the mechanisms through 
which AI may contribute to sustainable procurement, supply chain resilience, and economic, environmental, 
social, and strategic outcomes. The methodology, therefore, provides a structured basis for characterizing the 
literature, assessing the strength and limitations of the evidence, identifying unresolved research gaps, and 
developing a theoretically informed future research agenda. 

(1) Data Sources and Search Strategy: A systematic literature search was conducted across Scopus, 
Web of Science, IEEE Xplore, and ScienceDirect to capture interdisciplinary research spanning artificial 
intelligence, procurement, supply chain management, operations management, and sustainability. The 
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search strategy focused on four conceptual domains: artificial intelligence, procurement management, 
sustainability, and supply chain management, using relevant keywords, synonyms, related terms, and 
Boolean operators to account for terminological variations across disciplines. The AI domain included 
artificial intelligence, machine learning, deep learning, predictive analytics, natural language processing, 
and intelligent automation; the procurement domain included procurement management, purchasing, 
strategic sourcing, supplier selection and evaluation, supplier relationship management, and procurement 
decision-making; the sustainability domain included sustainable, green, and circular procurement, ESG-
related considerations, and economic, environmental, and social sustainability; and the supply-chain 
domain included supply chain management, supply networks, resilience, risk, transparency, traceability, 
and related outcomes.  

(2) Eligibility Criteria: A priori inclusion and exclusion criteria were established to ensure a consistent 
and transparent evidence boundary. Studies were included if they: (1) were peer-reviewed journal articles; 
(2) were published between 2011 and 30 June 2026; (3) examined artificial intelligence or AI-enabled 
capabilities; (4) addressed procurement, purchasing, sourcing, supplier management, or closely related 
supply-chain activities; and (5) provided substantive conceptual or empirical evidence concerning 
sustainable procurement and/or economic, environmental, social, resilience, or strategic outcomes. Studies 
were excluded if they: (1) fell outside the specified publication period; (2) were not peer-reviewed journal 
articles; (3) addressed AI, procurement, or sustainability independently without establishing a substantive 
relationship among the focal domains; or (4) lacked sufficient conceptual, theoretical, methodological, or 
empirical substance to address the review objectives. Eligibility was assessed on the basis of substantive 
relevance rather than keyword occurrence alone, thereby excluding studies in which the focal concepts were 
mentioned only incidentally. These criteria provided sufficient interdisciplinary breadth while maintaining 
analytical focus on AI-enabled sustainable procurement. 

(3) Screening Process and PRISMA Workflow: Study selection followed the PRISMA 2020 
framework through sequential identification, duplicate removal, title and abstract screening, full-text 
assessment, and final inclusion [36]. Of the 217 identified records, 17 duplicates were removed, leaving 
200 unique records for title and abstract screening. Applying the predefined eligibility criteria excluded 84 
records, leaving 116 articles for full-text assessment. A further 35 articles were excluded following full-
text evaluation because of insufficient conceptual or empirical relevance and/or inadequate alignment with 
the review objectives. The final evidence base comprised 81 eligible studies, representing 37.33% of the 
initial records, while 136 records (62.67%) were excluded overall; the numerical progression was 217 − 17 
− 84 − 35 = 81. The screening procedure applied predefined criteria and documented exclusion decisions 
to promote consistency and reduce subjective selection. Where independent second-reviewer assessment 
and inter-rater agreement were not undertaken, this limitation is explicitly acknowledged, together with the 
procedural measures adopted to mitigate potential single-reviewer bias. The relatively limited number of 
eligible studies also constrains the breadth and contextual coverage of the synthesis across industries, 
geographical settings, organizational contexts, and AI applications. Accordingly, the findings should be 
interpreted within the specified search strategy, eligibility criteria, and review period. Figure 2 presents the 
complete PRISMA 2020 workflow, with additional screening documentation. 

(4) Quality Assessment: The methodological quality of the included studies was assessed using a 
recognised quality-appraisal instrument appropriate to the methodological diversity of the evidence base. 
The appraisal considered research objective clarity, theoretical grounding, research design appropriateness, 
methodological transparency, evidence adequacy, analytical rigor, validity, and coherence among the 
research questions, methods, analyses, and conclusions. Assessment was adapted to the methodological 
characteristics of individual studies, with particular attention to construct definition and operationalization, 
empirical validation, sampling and contextual specification, analytical procedures, theoretical consistency, 
and the strength of explanatory or causal inference. 
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(5) Data Extraction and Evidence Synthesis: A structured data-extraction framework was applied to 
the 81 included studies to support systematic characterization and cross-study synthesis. Extracted 
information included publication year, geographical and industry context, theoretical foundation, research 
design and methodology, AI technologies and capabilities, procurement activities and applications, 
sustainability dimensions, resilience outcomes, governance mechanisms, contextual conditions, and 
principal findings. The evidence was examined through complementary descriptive, thematic, and critical 
conceptual analyses. Descriptive analysis characterized temporal, geographical, methodological, and 
substantive patterns; thematic analysis identified dominant, emerging, convergent, and underdeveloped 
research themes; and critical conceptual synthesis examined relationships, mechanisms, inconsistencies, 
limitations, and contextual conditions across studies. Rather than treating individual studies as isolated 
contributions, the synthesis compares evidence to identify recurring patterns and unresolved tensions 
concerning AI capabilities, procurement transformation, sustainable procurement practices, resilience, and 
multidimensional outcomes. This approach shifts the review beyond cataloguing AI applications toward 
understanding how, why, and under what conditions AI-enabled procurement capabilities may generate 
sustainable value. 

(6) Methodological Positioning: The review adopts an integrative, critical, and theory-informed 
methodological position that moves beyond descriptive aggregation toward a mechanism-oriented 
interpretation of AI-driven sustainable procurement. Procurement outcomes are examined as the result of 
interactions among AI capabilities, organizational resources, procurement processes, human expertise, 
supplier relationships, institutional conditions, data infrastructures, and governance arrangements. A central 
analytical distinction is drawn between AI adoption and AI-enabled capability development, recognizing 
that technological implementation alone does not achieve procurement transformation or deliver 
sustainability value. This positioning enables the review to examine the mechanisms, enabling conditions, 
constraints, and boundary conditions associated with the translation of AI deployment into procurement 
transformation and multidimensional sustainability outcomes. 

(7) Research Gap Analysis: The research gap analysis evaluates limitations across conceptual, 
theoretical, methodological, empirical, technological, governance, and contextual dimensions. Key gaps 
include insufficient conceptualization of AI capabilities and sustainable procurement; limited theorization 
of the mechanisms connecting AI capabilities with procurement transformation and sustainability outcomes; 
relatively limited longitudinal, comparative, mixed-methods, and causal evidence; and fragmented 
approaches to multidimensional sustainability measurement. Additional gaps concern end-to-end 
procurement integration, AI capability maturity, data quality and interoperability, predictive sustainability 
risk management, explainability, transparency, accountability, responsible AI, human oversight, human–
AI collaboration, supplier capability development and inclusivity, SMEs, emerging economies, and 
institutionally diverse contexts. The analysis also considers potential unintended consequences, including 
algorithmic bias, opacity, supplier exclusion, and data dependency. Collectively, these gaps indicate that 
the literature has developed more extensively around AI adoption and operational applications than around 
the mechanisms, governance arrangements, contextual conditions, and longer-term sustainability 
implications of AI-enabled procurement. 

(8) Future Research Directions: Building on the evidence synthesis and identified gaps, the study 
develops a structured future research agenda centered on AI capability development, explanatory mechanisms, 
responsible governance, and measurable sustainability value creation. Key directions include AI capability 
maturity and organizational readiness, end-to-end procurement transformation, predictive sustainability and 
supply-chain risk management, intelligent supplier evaluation and development, human–AI collaboration, 
responsible and explainable AI, data governance and interoperability, AI-enabled circular procurement, 
resilient procurement ecosystems, supplier capability development and inclusivity, and multidimensional 
sustainability measurement. Future research should employ longitudinal, comparative, mixed-method, 
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experimental, and theory-driven designs to examine causal mechanisms, boundary conditions, dynamic 
capability development, and sustainability trade-offs across organizational, technological, institutional, 
industry, and geographical contexts. Greater empirical attention is also needed to the governance and 
unintended consequences of AI-enabled procurement. Future scholarship should therefore examine not only 
whether AI is adopted, but how AI capabilities are developed, embedded, governed, scaled, and translated 
into sustained economic, environmental, social, resilience, and strategic value. 

 

Figure 2. PRISMA 2020 flow diagram (2011–30 June 2026). 

2.1. Artificial Intelligence in Sustainable Procurement in Supply Chains 

Artificial intelligence (AI) is emerging as a transformative capability in sustainable procurement, 
reshaping how organizations identify and evaluate suppliers, assess risks, forecast demand, negotiate with 
supply-chain partners, monitor transactions, and support strategic sourcing decisions. Its growing 
importance reflects the convergence of digital procurement infrastructure, advanced analytics, increasingly 
available supply-chain data, and intelligent decision-support technologies. Unlike conventional 
digitalization, which primarily facilitates transaction processing, information exchange, and workflow 
coordination, AI enables organizations to learn from data, identify complex patterns, generate predictions, 
detect anomalies, and support or automate selected decisions. In sustainable procurement, these capabilities 
extend beyond operational efficiency by enabling organizations to incorporate economic, environmental, 
social, ethical, and resilience considerations into procurement decisions. However, AI adoption does not 
inherently produce sustainable outcomes; its contribution depends on data quality and governance, 
organizational capabilities, human expertise, supplier readiness, technological maturity, and institutional 
conditions. Accordingly, the literature is increasingly moving beyond the question of whether AI can 
improve procurement toward understanding how AI capabilities can be strategically integrated, governed, 
and translated into measurable, sustained, and sustainable supply-chain value [37–39]. 
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2.1.1. From Digital Procurement to AI-Driven Procurement 

The digital transformation of procurement has fundamentally reshaped how organizations manage 
sourcing, purchasing, supplier relationships, and upstream supply-chain activities. Procurement 
digitalization extends beyond the adoption of individual technologies to the reconfiguration of 
organizational processes, decision structures, routines, and operating models to capture value from 
emerging digital capabilities [19,40]. When strategically integrated, these capabilities can generate new 
procurement value propositions and strengthen the strategic contribution of procurement to organizational 
performance and supply-chain competitiveness [41]. This evolution has progressively shifted procurement 
from conventional electronic transactions toward smart procurement, in which digital systems increasingly 
support automated and, in selected activities, autonomous execution with limited human intervention [42]. 
Digital procurement has been enabled by infrastructures such as electronic data interchange (EDI), 
enterprise resource planning (ERP), supplier-management systems, purchasing platforms, and electronic 
invoicing [43]. At the same time, the volume, velocity, variety, and complexity of supply-chain data have 
increased substantially, making data availability, quality, integration, and interpretation increasingly important 
to procurement effectiveness [44]. Greater visibility into expenditure, transactions, suppliers, and procurement 
activities provides an important foundation for strengthening procurement’s strategic role, while analytics 
enables organizations to transform complex datasets into actionable intelligence [18,45]. The convergence of 
digital infrastructure, data, and analytics has laid the foundation for the transition from digitally enabled 
procurement to intelligent, predictive, and increasingly autonomous procurement management. 

AI represents a qualitative advancement beyond conventional digital procurement technologies. 
Whereas traditional digital systems primarily support information exchange, transaction processing, 
workflow coordination, and information accessibility, AI-enabled systems can learn from data, identify 
complex patterns, generate predictions, detect anomalies, and support or automate selected decisions. These 
capabilities have been applied to supplier identification and evaluation, forecasting, sourcing, risk management, 
and decision support [46–49]. However, existing research remains predominantly application-oriented, 
frequently examining individual technologies, tasks, or procurement stages rather than conceptualizing AI as 
an interconnected capability spanning the procurement lifecycle. Consequently, the literature provides 
considerable evidence of what AI can do, but substantially less understanding of how AI capabilities can be 
integrated, orchestrated, and translated into sustained procurement and supply-chain value. 

2.1.2. AI-Driven Sustainable Procurement and Value Creation 

The strategic significance of AI becomes particularly evident when procurement is examined through 
a sustainability perspective. Procurement decisions influence supplier behavior, resource consumption, 
environmental impacts, labor and social conditions, ethical sourcing, risk exposure, and supply-chain 
resilience. AI can strengthen the analytical foundation of procurement decisions by processing 
multidimensional information and enabling organizations to evaluate economic criteria alongside 
environmental and social considerations. AI-driven procurement can therefore support sustainable supplier 
identification and evaluation, environmental and social risk assessment, supplier monitoring, transparency 
and traceability, compliance management, resource optimization, and responsive sourcing. Nevertheless, 
AI adoption should not be equated with sustainability performance. AI does not inherently generate 
sustainable outcomes; rather, its contribution depends on data quality, organizational capabilities, 
procurement maturity, supplier readiness, human expertise, institutional conditions, and governance 
mechanisms. The central issue is therefore not simply whether AI is adopted, but how AI capabilities are 
embedded within procurement processes and through which mechanisms they generate measurable and 
sustained economic, environmental, social, and resilience outcomes. 
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Despite the growing strategic importance of AI, empirical evidence concerning its implementation, 
maturity, and realized value in procurement remains comparatively limited. [40] highlight difficulties in 
systematically establishing the organizational and operational implications of AI-enabled procurement. 
Much of the existing evidence remains concentrated on individual cases, pilot projects, and application-
specific studies, while performance assessment has frequently prioritized efficiency, automation, and cost 
reduction over environmental, social, ethical, resilience, and governance outcomes. This creates an 
important evidence gap because AI-driven sustainable procurement should ultimately be evaluated by its 
contributions to resource efficiency, environmental impact reduction, responsible sourcing, supplier 
sustainability, transparency, compliance, resilience, and long-term supply chain value. 

2.1.3. AI Applications Across the Procurement Lifecycle 

The literature identifies supply-risk management and supply-chain resilience as important domains in 
which AI can contribute to sustainable procurement. Supply risk management is one of the most extensively 
examined applications of AI in procurement and supply chains [48–51]. Ivanov and Dolgui (2021) [52] 
developed a data-driven approach for identifying relationships among risk factors and modelling disruptive 
events, while Baryannis et al. (2019) [48,49] proposed AI-based approaches to supply-chain risk prediction, 
including considerations of reliability and interpretability. The relevance of AI-enabled risk management has 
become particularly pronounced in globally interconnected supply chains, where disruptions can propagate 
rapidly across organizational and geographical boundaries. COVID-19, semiconductor shortages, raw 
material scarcity, and the war in Ukraine have further elevated supply risk management as a strategic 
procurement priority. Dynamic capabilities theory provides an appropriate foundation for understanding this 
domain because effective risk management requires organizations to integrate, build, and reconfigure 
resources in response to changing environmental conditions. Within this perspective, collaboration capability 
can represent a sensing dimension, supply-chain alignment a seizing dimension, and supply-chain risk 
management a reconfiguring dimension [53]. Digitally enabled process innovation provides an additional 
perspective on how dynamic capabilities facilitate AI adoption and organizational adaptation [54]. 

Supplier identification, evaluation, and selection constitute another important domain of AI-enabled 
sustainable procurement. Existing research has predominantly examined supplier selection from lists of 
already known potential partners [55–58], frequently employing multi-criteria decision-making approaches 
[59]. Pitchipoo et al. (2013) [55] proposed a hybrid model for supplier evaluation and selection, while Scott 
et al. (2015) [60] developed an integrated approach that combines the analytic hierarchy process and quality 
function deployment for multi-criteria, multi-stakeholder supplier selection. However, supplier scouting—
the systematic discovery of previously unknown suppliers and alternative sources of supply—remains 
comparatively underexplored. Lorentz et al. (2020) [40] identify supply-market intelligence and the 
discovery of new external partners as areas with considerable potential for procurement analytics. AI-
enabled semantic search, web crawling, and integration of internal and external information can strengthen 
supplier discovery and supply-market intelligence. Because supplier scouting involves substantial 
information-processing requirements, uncertainty, multiple decision variables, and diverse stakeholders, 
information-processing theory provides an appropriate theoretical foundation. Previous applications of this 
perspective include cloud computing in supply chains [61], sustainable supply-chain management [62], and 
supply-market intelligence [40]. Future research should examine how AI can align the information-
processing requirements of complex supplier-scouting activities with organizational information-
processing capabilities while incorporating sustainability, resilience, diversity, ethical sourcing, and 
responsible-procurement criteria. 

AI-enabled supply chain finance (SCF) represents another promising but insufficiently developed 
domain. The strategic importance of SCF increased following major supply-chain disruptions, including 
the COVID-19 crisis [63], while AI applications have expanded, particularly in credit risk assessment. AI-
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based approaches can provide effective predictive performance without requiring strong a priori 
assumptions regarding data distributions and can remain effective with relatively small datasets [64–66]. 
Song et al. (2021) [67] further demonstrate the potential of AI for assessing SME creditworthiness and 
identifying appropriate SCF solutions. However, applications beyond credit-risk assessment remain 
comparatively underexplored. Drawing on the innovation-process perspective and the SCF innovation 
process proposed by Wuttke et al. (2013) [68], future research should examine how AI influences SCF 
adoption, implementation, and continuous monitoring, with particular attention to supplier financing, credit 
assessment, risk mitigation, financial accessibility, and value creation across buyers, suppliers, and 
financial service providers. 

AI also has important implications for procurement negotiation and buyer–supplier collaboration, 
where outcomes depend on trust, communication, strategic interaction, and contextual judgment. Existing 
research has devoted comparatively limited attention to negotiation [44,69,70], while Zair et al. (2019) [47] 
examined an agent-based approach in which negotiation and supplier selection are conducted within a 
purchasing dyad. Schulze-Horn et al. (2020) [71] demonstrate that AI-driven mechanism design can 
facilitate complex negotiations and potentially shift bargaining power toward buying organizations. Viale 
and Zouari (2020) [72], meanwhile, show that robotic process automation can improve relationship quality 
by reducing repetitive administrative activities and enabling employees to devote greater attention to 
strategic interaction. Transaction cost economics provides a strong theoretical basis for this domain because 
AI can potentially reduce transaction costs associated with information search, information asymmetry, 
uncertainty, negotiation, documentation, and enforcement [73]. AI-enabled semantic search and web 
crawling can reduce search and information-gathering costs, while enhanced information availability can 
mitigate bounded rationality. AI may also reduce bargaining costs by supporting negotiation preparation, 
decision-making, documentation, and selected automated negotiation activities [74]. Future research should 
therefore investigate the appropriate boundaries between AI augmentation and automation in supplier 
negotiations, particularly regarding transaction costs, bargaining power, trust, transparency, explainability, 
ethical decision-making, and sustainable buyer–supplier relationships. 

Operational procurement provides another important opportunity for AI-enabled automation, monitoring, 
and responsible governance. Although Moretto et al. (2017) [70] found limited relevance of analytics in the 
operational supply phase, Handfield et al. (2019) [75] subsequently highlighted the contribution of analytics 
to procure-to-pay processes through transactional data utilization, paperwork reduction, and process efficiency 
improvements. Catalogue management, order management, anomaly detection, and fraud detection represent 
particularly relevant applications. Procurement fraud can originate from both internal and external actors and 
generate substantial financial, operational, and reputational consequences. AI-enabled monitoring and anomaly 
detection can therefore contribute not only to operational efficiency but also to procurement integrity, 
compliance, accountability, and responsible governance. 

2.1.4. AI Adoption in Different Organizational Contexts 

Recent advances in AI have made sophisticated digital tools increasingly accessible to SMEs, creating 
opportunities to improve procurement efficiency, agility, resilience, and strategic decision-making. AI-
powered predictive analytics can support demand forecasting, inventory optimization, stockout reduction, 
waste reduction, and supplier coordination, while firms adopting digital intelligence frameworks demonstrate 
greater operational resilience and responsiveness [76]. AI-enabled supplier screening can accelerate supplier 
evaluation by assessing compliance records, certifications, and historical performance, reducing 
administrative workloads and allowing procurement professionals to focus on strategic activities. Leadership 
support for digital adoption is positively associated with procurement efficiency [77], while AI-enabled 
dynamic pricing can help SMEs respond to market fluctuations, manage price volatility, and improve cost 
and margin stability [76]. Overall, AI can facilitate a shift from reactive procurement toward proactive, 
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intelligent, data-driven, and sustainable procurement, enhancing organizational performance and long-term 
value creation [78]. 

Nevertheless, the literature reveals a significant contextual gap concerning SMEs. Although AI 
adoption research has predominantly focused on larger organizations, SME-specific evidence remains 
comparatively limited. Liu et al. (2022) [79], for example, address SME requirements via digital platforms 
that facilitate dynamic supply chain collaboration through capacity pooling. However, much of the existing 
literature implicitly assumes access to substantial financial resources, specialized expertise, advanced 
digital infrastructure, and sufficiently extensive datasets. SMEs frequently operate under more constrained 
conditions, creating unresolved questions concerning the affordability, scalability, digital maturity, data 
requirements, and organizational feasibility of AI-driven sustainable procurement. This gap is particularly 
important in emerging and resource-constrained economies, where institutional environments, digital 
infrastructure, and access to expertise may further condition AI-enabled procurement outcomes. 

Public procurement represents another important but distinct context. It is increasingly recognized as 
a strategic governance mechanism for advancing economic, social, environmental, and policy objectives, 
moving beyond its traditional transactional role toward innovation, sustainability, and public value creation 
[80]. Innovative procurement requires organizations to develop capabilities to sense emerging opportunities, 
seize innovative solutions, and reconfigure resources and processes in response to changing needs and 
technological developments [81]. AI offers significant potential to enhance citizen engagement, personalize 
public services, and improve administrative efficiency and innovation [82]. However, realizing these 
benefits requires effective human–AI interaction and robust governance mechanisms that ensure 
transparency, accountability, and ethical use [83]. GenAI further reshapes adoption dynamics by enabling 
individuals to initiate and use AI applications directly, increasing the importance of alignment among 
individual agency, organizational capabilities, and institutional structures. Evidence from the private sector 
demonstrates AI’s potential to support demand forecasting, outsourcing, scheduling, routing, cost 
management, transportation, and supply-chain optimization, while GenAI can enhance visibility, 
responsiveness, and adaptability in dynamic markets [84]. Within procurement, AI can reduce 
administrative workloads, improve supplier evaluation, detect anomalies, and strengthen contract 
management and risk assessment [31]. Despite these opportunities, AI adoption in public procurement 
remains limited and at an early stage because of stringent IT-security requirements, resource and capability 
gaps, legal and regulatory constraints, and fragmented organizational structures [85,86]. 

2.1.5. AI Implementation, Organizational Readiness, and Data Governance 

A major limitation in the literature concerns the absence of comprehensive implementation roadmaps 
and integrative frameworks for AI adoption in procurement. Existing studies have largely emphasized AI’s 
potential benefits or examined individual applications and use cases, while offering comparatively limited 
guidance on how organizations can move from experimentation and isolated pilots to integrated, enterprise-
level AI capabilities. Guida et al. (2025) [87] identify this limitation, noting that research has concentrated 
on applications such as spend analysis and routine-task automation rather than developing integrated 
frameworks for broader implementation. Van Hoek et al. (2022) [88] document the implementation of 
robotic process automation within Maersk’s procurement function, demonstrating the feasibility and 
potential value of automation but offering limited guidance for organizations operating under different 
technological, organizational, resource, and institutional conditions. Van Hoek (2024) [89] reinforces this 
concern by calling for more structured guidance for procurement managers and researchers. The literature 
consequently remains underdeveloped regarding implementation sequencing, capability development, 
process redesign, change management, governance, and AI maturity assessment. 

AI implementation is further constrained by gaps in organizational readiness and professional 
capabilities. Spreitzenbarth et al. (2024) [90] identify a disconnect between priorities emphasized in 



Intell. Sustain. Manuf. 2026, 3(2), 10025. doi:10.70322/ism.2026.10025 14 of 37 

 

academic research and those identified by practitioners, suggesting that the research agenda does not fully 
reflect the challenges experienced by procurement professionals. Van Hoek (2024) [89] reports that only 
14% of procurement leaders consider themselves to possess the necessary talent for future AI adoption, 
highlighting a substantial capability and readiness gap. Colombo et al. (2023) [91] further demonstrate that 
organizations implementing AI-driven automation must invest in employee upskilling and role redesign to 
capture the benefits of human–AI augmentation. These findings indicate that AI implementation extends 
beyond technological availability to encompass analytical skills, leadership, organizational culture, change 
management, governance, and performance measurement. 

Data quality and governance constitute another foundational condition for effective AI-driven 
procurement. AI effectiveness depends not simply on data volume but on accuracy, completeness, consistency, 
structure, interoperability, accessibility, timeliness, and relevance. Van Hoek (2024) [89] identifies data 
availability and quality as important constraints on realizing AI’s potential in procurement, while Pathak 
(2023) highlights organizational difficulties in extracting strategically relevant information from increasingly 
large datasets. Guida et al. (2025) [87] further demonstrate the importance of structured data practices through 
applications such as spend classification. Future research should therefore examine data preparation, 
classification, integration, validation, interoperability, security, privacy, ownership, and governance as 
foundational capabilities supporting reliable, explainable, and responsible AI-driven procurement. 

2.1.6. Human–AI Collaboration and Responsible Procurement 

The human and organizational dimensions of AI adoption represent a further underdeveloped research 
stream. Employee capabilities, analytical skills, organizational culture, leadership support, professional 
roles, and resistance to change can substantially influence implementation outcomes. Van Hoek (2024) [89] 
emphasizes the importance of analytical capabilities and organizational readiness, while Colombo et al. 
(2023) [91] demonstrate that organizations implementing AI-driven automation must invest in employee 
upskilling and role redesign to capture the benefits of human–AI augmentation. These findings reinforce 
the view that AI-driven procurement represents organizational transformation rather than merely 
technological implementation. Successful adoption requires alignment among technology, people, 
processes, organizational structures, and strategic objectives. Future research should consequently examine 
how organizations develop human–AI collaboration capabilities that combine algorithmic intelligence with 
professional expertise, contextual knowledge, and managerial judgment. 

This human–AI perspective becomes particularly important in contract negotiation and buyer–supplier 
collaboration, where procurement outcomes depend on trust, communication, strategic interaction, and 
contextual judgment. The appropriate boundary between AI augmentation and automation remains 
insufficiently understood. AI can support information search, negotiation preparation, decision-making, 
and documentation, but excessive automation may introduce concerns regarding transparency, 
accountability, bias, explainability, and relationship quality. Future research should therefore examine how 
AI can augment procurement professionals while preserving human oversight and strengthening sustainable 
buyer–supplier relationships. 

2.1.7. Theoretical Foundations of AI-Driven Sustainable Procurement 

The theoretical foundations of AI-driven sustainable procurement remain insufficiently integrated. 
Waller and Fawcett (2013) [92] provided an important early contribution by advocating theory-informed 
research on analytics and supply-chain transformation. Nevertheless, subsequent scholarship remains 
theoretically dispersed, with limited integration of technological resources, AI capabilities, procurement 
routines, interorganizational relationships, governance mechanisms, and sustainability outcomes. Dynamic 
capabilities theory, information-processing theory, transaction cost economics, and agency theory provide 
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valuable but largely isolated explanations of different dimensions of AI-enabled procurement. Dynamic 
capabilities theory explains how organizations sense, seize, and reconfigure resources in response to 
changing environments [53]; information-processing theory explains how AI can address information 
complexity and uncertainty [40,61,62]; transaction cost economics explains how AI can reduce information, 
search, negotiation, monitoring, and enforcement costs [73]; and agency theory provides a basis for 
examining information asymmetry, monitoring, control, and governance. However, what remains 
underdeveloped is an integrative explanation of how AI resources are transformed into organizational 
capabilities, embedded across procurement processes and supplier relationships, governed responsibly, and 
translated into sustainable and resilient value. 

Taken together, the literature indicates that the central research challenge is no longer simply establishing 
the potential of AI in procurement, but explaining how, where, under what conditions, and through which 
organizational and governance mechanisms AI capabilities generate sustainable procurement and supply-
chain value. The major gaps include limited end-to-end process integration, insufficient empirical validation 
of realized outcomes, weak implementation roadmaps, limited understanding of AI maturity, data-governance 
challenges, organizational-readiness constraints, insufficient SME-specific evidence, underdeveloped 
sustainable supplier intelligence, limited understanding of human–AI collaboration, emerging responsible-AI 
governance requirements, and fragmented theoretical foundations. These gaps indicate the need to move 
beyond a predominantly technology-centric perspective toward an integrated AI capability–procurement 
process–organizational context–governance–sustainability–resilience perspective. 

Overall, the literature suggests that AI-driven sustainable procurement management should not be 
understood merely as the automation or digitalization of purchasing activities. Rather, it represents an 
emerging strategic capability through which organizations integrate AI, data, people, processes, supplier 
relationships, and governance mechanisms to enhance procurement decision-making and generate 
sustainable supply-chain value. Future research should therefore examine the progression from AI 
resources and data foundations to AI capabilities, procurement process transformation, organizational and 
interorganizational mechanisms, governance, and economic, environmental, social, resilience, and long-
term supply-chain outcomes. Such an integrated perspective provides a stronger foundation for 
understanding the evolution of AI-driven sustainable procurement and for identifying the research gaps and 
future directions addressed by this systematic literature review. 

3. Challenges and Research Gaps Analysis 

The systematic review highlights the significant potential of artificial intelligence (AI) to transform 
procurement and advance sustainable supply chain management (SSCM), yet the existing knowledge base 
remains fragmented across technologies, procurement activities, organizational contexts, data 
infrastructures, and theoretical perspectives. A central concern is the persistent gap between AI’s 
technological potential and its demonstrated value realization. While existing studies provide growing 
evidence of AI applications in specific procurement activities, limited attention has been given to how AI 
capabilities are developed, integrated across the procurement lifecycle, responsibly governed, and 
translated into sustained economic, environmental, social, resilience, and strategic outcomes. 

As illustrated in Figure 3 and synthesized in Table 2, the overarching research gap lies in the absence 
of an integrated framework connecting AI resources and capabilities, procurement processes, 
organizational and contextual conditions, data and human capabilities, governance mechanisms, and 
sustainability and resilience outcomes. Addressing these gaps requires a shift from an application- and 
technology-centric perspective toward a capability-, process-, context-, and value-oriented approach that 
explains how AI can generate responsible, measurable, and sustainable procurement value across supply 
chains. Accordingly, the following challenges and research gaps define the key priorities for advancing 
research on AI-driven sustainable procurement management in supply chains. 
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(1) Limited Empirical Evidence and AI Value Realization: A fundamental limitation of the literature 
is the scarcity of robust empirical evidence concerning the realized and sustained value of AI-enabled 
procurement. Existing studies predominantly emphasize anticipated benefits associated with automation, 
analytics, forecasting, supplier management, risk prediction, and decision support, whereas comparatively 
few investigate whether such benefits persist over time or translate into broader organizational and supply-
chain outcomes. Lorentz et al. (2020) [40] highlighted difficulties in establishing the wider organizational 
and operational implications of AI-enabled procurement. Thus, the literature currently provides stronger 
evidence of AI potential than of sustained value realization. This limitation is particularly consequential for 
sustainable procurement, where performance cannot be reduced to cost savings, processing speed, or 
automation but must also encompass environmental impact, resource efficiency, social responsibility, 
supplier sustainability, transparency, compliance, resilience, and strategic value. A critical priority is 
therefore the development of longitudinal, comparative, mixed-methods, and quasi-experimental research 
designs capable of establishing causal relationships between AI capabilities and multidimensional 
procurement outcomes and of identifying the organizational and contextual conditions under which AI 
investments generate persistent sustainable value. 

(2) Fragmented AI Applications and Limited End-to-End Integration: A second major gap concerns 
the fragmented treatment of AI across procurement activities. Existing research tends to investigate 
individual technologies, tasks, or procurement stages rather than conceptualizing AI as an interconnected 
capability spanning the procurement lifecycle [44,46,48,49]. Studies such as Chehbi-Gamoura et al. (2020) 
[93] and Moretto et al. (2017) [70] provide valuable insights into specific procurement and supply-chain 
activities, but limited attention has been devoted to the interdependencies among spend intelligence, 
supplier scouting, sourcing, supplier evaluation, risk management, negotiation, supply chain finance, 
procure-to-pay operations, fraud detection, and sustainability monitoring. Consequently, it remains unclear 
whether AI-enabled improvements at individual stages generate complementary, cumulative, or even 
conflicting effects when integrated across the procurement system. The research challenge is therefore to 
move from an application-centric view toward an end-to-end capability perspective that explains how AI 
capabilities interact across strategic, tactical, and operational procurement processes and how such 
integration influences sustainability, resilience, transparency, and strategic performance. 

(3) AI Implementation Roadmaps and Maturity: Despite increasing interest in AI, procurement-specific 
implementation roadmaps and maturity models remain insufficiently developed. Guida et al. (2025) [87] 
indicate that existing research has concentrated on applications such as spend analysis and routine task 
automation rather than providing comprehensive approaches for organization-wide implementation, while 
Van Hoek (2024) [89] emphasizes the need for structured guidance for procurement managers and 
researchers. The literature, therefore, offers substantially more knowledge about individual AI use cases 
than about the organizational pathway from experimentation and pilot projects to scalable, integrated, and 
strategically embedded AI capabilities. This creates uncertainty regarding sequencing, investment priorities, 
capability requirements, process redesign, and scaling. Future scholarship should conceptualize AI 
implementation as a dynamic capability-development trajectory and develop procurement-specific maturity 
models incorporating technological infrastructure, data readiness, process integration, human competencies, 
organizational readiness, leadership, investment capacity, governance, and strategic alignment. Such 
models would enable organizations to diagnose their current maturity, identify capability gaps, prioritize 
interventions, and systematically progress toward an integrated, AI-enabled procurement transformation. 

(4) Data Quality, Integration, and Governance: Data quality, integration, and governance constitute 
foundational but under-theorized conditions of AI-enabled procurement. AI effectiveness depends not 
simply on the availability of large datasets but on their accuracy, completeness, consistency, structure, 
accessibility, interoperability, timeliness, and relevance. Van Hoek (2024) [89] identifies data availability 
and quality as important constraints, while Pathak (2023) [94] highlights organizational difficulties in 
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extracting strategically meaningful information from increasingly complex datasets; Guida et al. (2025) [87] 
similarly demonstrate the importance of structured data practices through applications such as spend 
classification. Yet existing research frequently treats data limitations as technical obstacles rather than as 
strategic organizational capabilities. This represents an important conceptual deficiency because data 
governance directly affects model reliability, explainability, scalability, auditability, privacy, security, and 
accountability. Greater attention is therefore required to data preparation, classification, integration, 
interoperability, validation, ownership, access, security, privacy, and governance, particularly where AI 
systems combine internal procurement data with heterogeneous external supplier and market information. 

(5) AI-Enabled Supply Risk Management and Resilience: The growing volatility and 
interconnectedness of global supply networks have elevated AI-enabled supply risk management and 
resilience to a strategic procurement priority. Supply-risk management is among the most extensively 
examined AI applications in procurement and supply chains [48–52], with prior research demonstrating 
AI’s capacity to predict disruptions, identify risk interdependencies, and support early-warning mechanisms. 
Nevertheless, the literature provides less clarity regarding how predictive intelligence is translated into 
organizational resilience, adaptive capacity, and sustainable supply-network reconfiguration. This 
limitation has become more consequential following COVID-19, semiconductor shortages, raw-material 
scarcity, geopolitical instability, and logistics disruptions. Dynamic capabilities theory provides a strong 
theoretical foundation because resilience requires firms to integrate, build, and reconfigure resources in 
response to environmental change [53,54], further highlighting the importance of collaboration, alignment, 
risk management, and digital process innovation. The next generation of research should therefore examine 
how AI capabilities interact with dynamic capabilities to enable sensing, anticipation, response, adaptation, 
and reconfiguration, while simultaneously addressing sustainability objectives and resilience trade-offs. 

(6) Supplier Sustainability and Sustainable Sourcing: Supplier sustainability remains insufficiently 
embedded within AI-driven procurement research, despite suppliers being central to the environmental, 
social, ethical, and resilience consequences of procurement decisions. Spreitzenbarth et al. (2024) [90] 
identify supplier sustainability as an under-researched area, while Chiu et al. (2024) [95] demonstrate the 
potential of combining natural language processing (NLP) and life-cycle assessment (LCA) for intelligent 
green supplier risk assessment. However, the current evidence base provides limited empirical confirmation 
that AI-enabled supplier intelligence leads to substantive improvements in supplier sustainability rather 
than merely increasing the efficiency of supplier assessment. This distinction is critical because analytical 
sophistication does not necessarily translate into behavioural change or improved sustainability 
performance. Research should therefore investigate how AI can support dynamic supplier sustainability 
assessment, continuous monitoring, risk prediction, corrective intervention, and supplier development, 
while integrating environmental, social, ethical, economic, and resilience criteria into supplier decisions 
and examining whether such interventions produce measurable improvements across supplier networks. 

(7) AI-Enabled Supplier Scouting and Market Intelligence: Supplier scouting and supply-market 
intelligence represent important but comparatively neglected applications of AI. Existing research has 
largely concentrated on selecting suppliers from known alternatives [55–58], with multi-criteria decision-
making approaches dominating supplier evaluation and selection research [59]. Although these approaches 
improve the quality of supplier choice, they do not adequately address the prior problem of identifying 
previously unknown suppliers and alternative sources of supply. This is particularly important for 
sustainable and resilient procurement because supplier discovery can reduce concentration risk, strengthen 
supply continuity, and expand access to suppliers with superior environmental, social, ethical, or 
geographic characteristics. Information-processing theory provides a useful lens because supplier scouting 
involves high information-processing requirements, uncertainty, heterogeneous information, and multiple 
stakeholders. Accordingly, research should investigate how semantic search, NLP, web-based intelligence, 
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external data integration, sustainability screening, and risk analytics can transform supplier scouting from 
a reactive search activity into a proactive, intelligence-driven procurement capability. 

(8) AI-Enabled Supply Chain Finance: AI-enabled supply chain finance (SCF) remains an emerging and 
insufficiently integrated component of sustainable procurement research. The strategic relevance of SCF 
increased substantially following major supply-chain disruptions, including those caused by COVID-19 [63], 
yet AI applications remain largely concentrated on credit risk assessment and selected financial optimization 
problems. Khashman (2011), Zhu et al. (2016, 2017, 2019), and Chen et al. (2022) [64–66,96,97] demonstrate 
the predictive potential of AI in credit risk assessment. Song et al. (2021) [67] further illustrate applications 
in SME creditworthiness and SCF solution selection. Nevertheless, comparatively little is known about AI-
enabled liquidity management, supplier financing, cash flow forecasting, financial risk mitigation, fraud 
prevention, and financial inclusion. Future research should therefore examine how AI can strengthen financial 
resilience across buyer–supplier networks, particularly by improving access to finance for vulnerable 
suppliers and SMEs while simultaneously contributing to sustainable financial value creation. 

(9) Human and Organizational Readiness: The human and organizational dimensions of AI adoption 
remain insufficiently theorized and empirically examined. Employee competencies, analytical skills, 
organizational culture, leadership commitment, trust, professional identities, and resistance to change can 
substantially influence whether AI systems generate their anticipated value. Van Hoek (2024) [89] 
highlights organizational readiness and capability challenges, while Colombo et al. (2023) [91] demonstrate 
the importance of employee upskilling and role redesign in AI-driven automation. These findings indicate 
that AI-enabled procurement should be conceptualized as a socio-technical transformation, rather than as 
the deployment of a technological solution. The critical issue is therefore how organizations configure 
people, processes, technology, and structures to support effective human–AI collaboration. Future research 
should investigate AI-related skills, leadership, training, organizational learning, job redesign, trust, 
decision authority, and professional adaptation, with particular emphasis on how algorithmic intelligence 
can complement procurement expertise, contextual knowledge, ethical reasoning, and managerial judgment. 

(10) AI-Enabled Negotiation and Buyer–Supplier Relationships: AI-enabled negotiation remains an 
underdeveloped research domain despite the strategic and relational importance of procurement negotiations. 
Existing studies devote comparatively limited attention to negotiation (Liu et al., 2011; Moretto et al., 2017; 
Wang et al., 2016), although Zair et al. (2019) [44,47,69,70] examine agent-based approaches to negotiation 
and supplier selection. AI can reduce information-search costs, support supplier profiling and negotiation 
preparation, and potentially automate selected bargaining activities; however, procurement negotiation also 
involves trust, tacit knowledge, relational capital, power asymmetries, and contextual judgment. Transaction 
cost economics provides a relevant theoretical foundation [73], particularly regarding reductions in search, 
information, bargaining, and monitoring costs [74]. Future research should therefore establish the appropriate 
boundary between AI augmentation and autonomous negotiation, examining how AI affects bargaining 
power, trust, transparency, explainability, ethical decision-making, negotiation performance, relationship 
quality, and sustainable buyer–supplier collaboration. 

(11) Procurement Fraud Detection and Responsible Governance: AI-enabled procurement fraud 
detection represents an important opportunity to strengthen transparency, accountability, and organizational 
integrity, yet empirical and theoretical research in this area remains limited. Handfield et al. (2019) [75] 
highlight the potential of analytics within procure-to-pay processes, while agency theory explains how AI-
enabled monitoring can reduce information asymmetry between principals and agents. AI can potentially 
detect anomalous transactional, behavioural, and communication patterns and strengthen monitoring of 
both internal procurement actors and external suppliers [98,99]. However, intensified algorithmic 
monitoring also introduces risks involving privacy, fairness, false positives, proportionality, and 
accountability. The research agenda should therefore move beyond simple fraud-detection accuracy toward 
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explainable and human-supervised governance systems that balance fraud prevention with privacy, fairness, 
transparency, and due process. 

(12) SME Adoption and Contextual Gaps: A major contextual gap concerns the limited representation 
of SMEs and emerging-market settings in AI-enabled procurement research. Existing studies 
disproportionately emphasize larger organizations with greater financial resources, technological 
infrastructure, data availability, and specialized expertise, whereas Liu et al. (2022) [79] make an important 
contribution by addressing SME requirements through digital platforms that support dynamic supply-chain 
collaboration and capacity pooling. Nevertheless, the evidence remains insufficient regarding the 
affordability, scalability, data requirements, digital maturity, skills, and organizational feasibility of AI-
driven sustainable procurement for smaller firms. This issue is particularly significant in resource-
constrained and emerging economies, where institutional environments, infrastructure, regulatory 
conditions, and digital ecosystems can strongly condition AI adoption. Future research should therefore 
investigate context-sensitive, modular, affordable, and scalable AI procurement solutions and explicitly 
examine how firm size, digital maturity, industry characteristics, institutional quality, and supply-network 
configuration moderate AI-enabled sustainability outcomes. 

(13) Academic–Practitioner and Performance Measurement Gaps: A persistent academic–practitioner 
gap constrains the practical relevance of the existing evidence base. Spreitzenbarth et al. (2024) [90] 
identify differences between priorities emphasized in academic research and those recognized by 
procurement practitioners, suggesting that research does not always adequately reflect practical challenges 
concerning technology selection, implementation, organizational readiness, and capability development. 
Moreover, AI performance is frequently evaluated through cost reduction, efficiency, processing time, and 
automation, while environmental, social, resilience, governance, and relational outcomes receive 
considerably less attention. This creates a measurement problem for sustainable procurement because 
operational improvement does not necessarily constitute sustainable value creation. Future research should 
therefore combine industry-based research, longitudinal case studies, action research, mixed-methods 
designs, and practitioner collaboration with multidimensional performance frameworks that capture 
economic, environmental, social, resilience, governance, transparency, compliance, and strategic outcomes. 

(14) Responsible, Explainable, and Trustworthy AI: The growing autonomy of AI systems creates 
significant challenges concerning bias, privacy, transparency, explainability, accountability, auditability, 
and human oversight, particularly because procurement AI can influence consequential decisions 
concerning suppliers, financing, sustainability, risk, negotiation, and fraud. Existing research has not yet 
sufficiently clarified how responsible AI principles should be operationalized throughout the procurement 
lifecycle. A key research priority is therefore to move beyond technical performance indicators toward 
responsible, explainable, and trustworthy AI governance. Future studies should investigate algorithmic 
transparency, bias detection and mitigation, privacy protection, auditability, accountability structures, 
human oversight, ethical standards, and mechanisms for stakeholders to review or challenge AI-generated 
decisions. Responsible AI should consequently be treated not as a peripheral compliance issue but as a 
strategic capability embedded within sustainable procurement management. 

(15) Theoretical Integration: The theoretical foundations of AI-driven sustainable procurement remain 
dispersed across multiple partially connected perspectives. Dynamic capabilities theory explains 
organizational adaptation and resource reconfiguration; information-processing theory addresses 
information complexity; transaction cost economics (Williamson, 2008) [73] explains search, information, 
bargaining, and governance costs; agency theory addresses monitoring and information asymmetry; and 
innovation theory explains adoption and diffusion. Although these perspectives provide valuable 
explanations of individual aspects of AI-enabled procurement, they have rarely been integrated into a 
coherent model of sustainable value creation. The unresolved theoretical question is therefore how AI 
resources are transformed into organizational capabilities, embedded within procurement processes and 
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supplier relationships, conditioned by organizational and institutional contexts, governed responsibly, and 
ultimately converted into sustainability and resilience outcomes. Future theorizing should consequently 
move beyond technology adoption toward an integrated capability perspective encompassing AI capability 
development, deployment, orchestration, governance, and value realization. 

(16) Integrating AI, Sustainability, and Resilience: A particularly important gap is the limited 
integration of AI, sustainability, and supply-chain resilience. Although these domains are increasingly 
recognized as strategically important, they are frequently examined as separate streams rather than 
interconnected dimensions of procurement transformation. Modgil et al. (2022) [100] demonstrate AI’s 
potential for risk sensing, scenario analysis, network reconfiguration, and disruption response, while Chiu 
et al. (2024) [95] connect AI with sustainable supplier risk assessment; nevertheless, limited research 
explains how AI capabilities can simultaneously contribute to economic, environmental, social, and 
resilience objectives. This is especially important because procurement decisions frequently involve trade-
offs: supplier diversification may improve resilience but increase coordination costs, while cost 
minimization may undermine environmental or social performance. Future research should therefore 
investigate AI-enabled multi-objective procurement decision-making and develop integrated models 
explaining how AI capabilities can identify and manage trade-offs and synergies among efficiency, 
sustainability, resilience, and strategic objectives. 

(17) Integrated Research Agenda: Taken together, these gaps indicate that the principal limitation of 
the existing literature is not the absence of evidence that AI can support individual procurement activities, 
but the absence of an integrated explanation of how AI capabilities generate sustainable procurement value. 
The research agenda should therefore progress from technology adoption to capability development, 
isolated applications to end-to-end integration, technological implementation to socio-technical 
transformation, and efficiency-oriented evaluation to multidimensional value realization. This requires 
simultaneous consideration of AI capabilities, procurement processes, data governance, organizational 
readiness, human–AI collaboration, supplier relationships, institutional context, responsible governance, 
and sustainability and resilience objectives. Accordingly, this review advances an integrated AI capability–
procurement process–context–governance–sustainability–resilience perspective, in which AI does not 
generate sustainable value automatically; rather, value emerges through the interaction between AI 
capabilities and the organizational, process, relational, contextual, and governance conditions in which 
those capabilities are deployed. The central research challenge is therefore to explain how, where, when, 
and under what conditions AI capabilities can be developed and integrated across procurement processes 
to generate measurable, responsible, and sustained economic, environmental, social, resilience, and 
strategic value. Addressing this challenge would advance the theoretical maturity of AI-driven sustainable 
procurement research while providing practitioners with more actionable guidance for designing, 
implementing, scaling, governing, and evaluating AI-enabled sustainable procurement systems. 
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Figure 3. Key Challenges and Research Gaps. 

Table 2. Research Challenges, Implications, and Strategic Recommendations. 

# Research Challenge Key Implication Strategic Recommendation 

1 Limited empirical evidence 
AI’s realized procurement and 
sustainability value remains under-
validated. 

Conduct longitudinal, comparative, and 
multidimensional evaluations. 

2 Fragmented AI applications 
Isolated applications limit end-to-end 
procurement insights. 

Develop integrated, lifecycle-based AI procurement 
frameworks. 

3 
AI implementation and 
maturity 

Scaling AI beyond pilots remains difficult. 
Establish maturity models, capability stages, and 
implementation roadmaps. 

4 
Data quality and 
governance 

Poor, fragmented data limits AI reliability 
and scalability. 

Strengthen data quality, integration, interoperability, 
security, and governance. 

5 Supply risk and resilience 
AI risk prediction is insufficiently 
connected to proactive resilience. 

Integrate AI with dynamic capabilities and resilience 
strategies. 

6 Supplier sustainability 
AI’s contribution to sustainable supplier 
performance remains unclear. 

Apply AI to supplier screening, monitoring, 
evaluation, and development. 

7 
Supplier scouting and 
market intelligence 

Limited supplier discovery constrains 
diversification and resilience. 

Use AI for supplier discovery, market intelligence, 
and diversification. 

8 Supply chain finance 
AI remains concentrated on credit-risk 
assessment. 

Extend AI to financing, risk mitigation, monitoring, 
and SME access. 

9 
Human and organizational 
readiness 

Skills, leadership, and change barriers 
constrain adoption. 

Strengthen skills, training, change management, and 
human–AI collaboration. 

10AI-enabled negotiation 
Automation may affect trust, judgment, 
and bargaining relationships. 

Define appropriate boundaries between AI 
augmentation and human judgment. 

11
Fraud detection and 
governance 

AI monitoring raises accountability, 
privacy, and oversight risks. 

Develop transparent, explainable, auditable, and 
accountable AI governance. 
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12
SME and contextual 
limitations 

Existing AI solutions may lack 
affordability and scalability. 

Develop affordable, scalable, and context-sensitive 
solutions. 

13
Academic–practitioner 
gaps 

Research priorities may not fully reflect 
industry needs. 

Strengthen industry collaboration and 
multidimensional evaluation. 

14
Responsible and 
trustworthy AI 

Bias, opacity, and privacy risks may 
undermine trust. 

Embed fairness, explainability, privacy, security, and 
human oversight. 

15Theoretical fragmentation 
Existing theories explain isolated 
dimensions of AI adoption. 

Integrate complementary theoretical perspectives. 

16
AI–sustainability–
resilience integration 

Their interdependent value remains 
insufficiently understood. 

Develop integrated models linking AI, sustainability, 
and resilience. 

17Integrated research agenda 
Research remains largely technology- and 
application-driven. 

Develop an AI capability–process–context–
governance–sustainability outcomes framework. 

4. Future Research Directions 

The research gaps identified in Section 3 reveal the need for a fundamental shift in the study of AI-
driven sustainable procurement management, from a predominantly technology-centric perspective toward 
a capability-based, process-integrated, ecosystem-oriented, context-sensitive, and sustainability-driven 
perspective. Future research should move beyond asking whether AI can improve individual procurement 
activities and instead investigate how AI capabilities are developed, combined, embedded, orchestrated, 
governed, and continuously renewed to generate measurable and enduring economic, environmental, social, 
resilience, and strategic value. This perspective recognizes that AI does not create sustainable procurement 
value independently; rather, its effects are conditioned by the quality of organizational resources, 
procurement processes, data infrastructures, supplier relationships, human expertise, institutional 
environments, and governance mechanisms within which AI is deployed. Accordingly, future research 
should increasingly examine the mechanisms by which AI-enabled capabilities translate into procurement 
outcomes and the conditions under which these outcomes are sustained across increasingly complex and 
interconnected supply networks. 

Figure 4 presents a strategic research agenda for AI-driven sustainable procurement management by 
positioning AI-enabled sustainable procurement transformation at the centre of an integrated research 
framework. The framework encompasses eight interconnected priorities: (1) AI integration and capability 
development; (2) data governance and responsible AI; (3) supplier sustainability and intelligence; (4) risk 
management and supply-chain resilience; (5) human–AI collaboration; (6) sustainable procurement 
performance and value realization; (7) contextual and institutional conditions; and (8) theoretical and 
methodological advancement. These priorities emphasize that sustainable value cannot be attributed solely 
to AI adoption. Instead, value emerges from the alignment and orchestration of AI technologies with 
reliable data, organizational capabilities, procurement processes, supplier networks, human expertise, 
responsible governance, and institutional support. Table 3 translates these priorities into specific future 
research directions, highlighting their principal research focus and expected theoretical and practical 
contributions. Collectively, Figure 4 and Table 3 establish a research roadmap for moving the field from 
fragmented evidence of individual AI applications toward an integrated and strategically grounded 
understanding of AI-enabled sustainable procurement transformation. 

Future research should consequently focus on identifying the causal mechanisms, capability-building 
processes, implementation trajectories, and boundary conditions through which AI contributes to 
sustainable procurement and supply-chain resilience. Rather than treating AI applications as independent 
technological interventions, researchers should examine how AI becomes embedded across the 
procurement lifecycle, including spend intelligence, supplier discovery, sourcing, supplier evaluation, 
contracting, negotiation, supply chain finance, risk monitoring, procure-to-pay operations, fraud detection, 
supplier development, and sustainability management. Such an end-to-end perspective would enable 
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scholars to examine information flows, process dependencies, feedback mechanisms, cross-functional 
coordination, decision interdependencies, and the cumulative effects of AI-enabled procurement decisions. 
It would also help explain why the same AI technology may produce different outcomes across 
organizations, industries, supply-chain structures, and institutional environments. 

A further priority is developing stronger empirical evidence linking AI-enabled procurement 
capabilities to multidimensional sustainability value. Future studies should move beyond traditional 
measures of procurement efficiency, cost reduction, automation, and productivity to incorporate 
environmental outcomes, including carbon-emission reduction, resource efficiency, waste minimization, 
circularity, and life-cycle performance; social outcomes, including ethical sourcing, labour and human-
rights standards, supplier well-being, inclusion, and responsible business practices; and organizational 
outcomes, including resilience, agility, innovation, adaptability, competitiveness, and long-term value 
creation. Equally important, future research should investigate trade-offs, unintended consequences, 
rebound effects, and negative externalities associated with AI-enabled procurement, including algorithmic 
bias, privacy and data-security concerns, cybersecurity vulnerabilities, supplier exclusion, workforce 
displacement, technological dependency, and the environmental footprint of AI infrastructure. Such a 
balanced perspective is necessary to determine whether AI produces substantive sustainability 
improvements or merely increases short-term procurement efficiency. 

Future research should also strengthen the theoretical and methodological foundations of AI-driven 
sustainable procurement. Theoretical development should move toward integrative perspectives that 
explain how AI resources are transformed into organizational capabilities, how these capabilities become 
embedded in procurement routines, and how organizational, relational, and institutional conditions 
influence their effects. Dynamic capabilities theory, resource orchestration theory, information-processing 
theory, transaction cost economics, agency theory, stakeholder theory, institutional theory, and the 
technology–organization–environment framework offer complementary explanations of different 
dimensions of AI-enabled procurement transformation. Future studies should seek greater theoretical 
integration rather than applying individual theories to isolated AI use cases. Methodologically, the field 
would benefit from greater use of longitudinal, mixed-method, multi-level, comparative, cross-country, 
quasi-experimental, and implementation-oriented research designs. The increased use of objective 
procurement data, supplier-level information, digital trace data, and independently verified sustainability 
indicators would further improve measurement validity, causal inference, and generalizability. 

(1) Develop Integrated End-to-End AI Procurement Architectures: Future research should 
conceptualize procurement as an integrated end-to-end system rather than a collection of technologically 
isolated activities. AI-enabled spend intelligence, supplier scouting, sourcing, supplier evaluation, 
contracting, negotiation, risk management, supply-chain finance, procure-to-pay operations, fraud 
detection, supplier development, and sustainability monitoring should be examined as interconnected 
components of a unified procurement architecture. The key research question should therefore shift from 
whether AI improves individual procurement activities to how AI capabilities interact across processes and 
generate cumulative, complementary, synergistic, or potentially conflicting effects. Future studies should 
investigate information flows, process dependencies, feedback loops, cross-functional coordination, 
decision interdependencies, and the downstream effects of upstream AI-enabled decisions. Particular 
attention should be given to how decisions concerning supplier selection, sourcing, and contracting 
influence subsequent sustainability, financial, risk, and operational outcomes. This direction would 
establish a stronger foundation for understanding AI as an end-to-end procurement capability rather than a 
portfolio of disconnected technological applications. 

(2) Establish AI Procurement Maturity Models and Implementation Pathways: A critical research 
priority is the development and empirical validation of AI procurement maturity models and 
implementation pathways that explain how organizations progress from experimentation and isolated pilots 
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to scalable, integrated, and strategically embedded AI capabilities. Although the literature provides 
considerable evidence regarding AI applications, comparatively limited attention has been given to the 
organizational pathways through which AI capabilities are developed, scaled, governed, and renewed. 
Future maturity models should incorporate technological infrastructure, data readiness, process maturity, 
AI capabilities, workforce competencies, leadership, organizational culture, governance, investment 
capacity, supplier readiness, ecosystem support, and strategic alignment. AI maturity should therefore be 
understood not simply as technological sophistication but as the organization’s capacity to deploy, integrate, 
govern, scale, learn from, and continuously improve AI capabilities. Longitudinal research should identify 
maturity thresholds, capability gaps, implementation barriers, investment requirements, and organizational 
transformations associated with movement across maturity stages. 

(3) Shift from AI Adoption to AI Capability Development and Value Realization: Future research 
should make a fundamental transition from AI adoption toward AI capability development, orchestration, 
and value realization. Adoption reflects whether an organization implements a technology, whereas 
capability represents its ability to mobilize, combine, apply, and reconfigure technological resources 
repeatedly in response to changing procurement requirements. Drawing on dynamic capabilities theory, 
future studies should examine how AI enables organizations to sense emerging procurement opportunities 
and threats, seize them through enhanced decision-making, and reconfigure procurement resources, 
routines, and supplier networks. Particular attention should be given to organizational learning, capability 
accumulation, capability orchestration, scaling, renewal, path dependence, and complementarities between 
AI, human, organizational, and relational resources. Future research should also investigate whether AI 
capability mediates the relationship between technological investment and sustainable procurement 
performance and explain why organizations with comparable technologies may achieve substantially 
different levels of value realization. 

(4) Position Data Governance as a Strategic Procurement Capability: Data governance should be 
repositioned from a technical prerequisite to a strategic procurement capability. AI-enabled procurement 
depends fundamentally on the accuracy, completeness, consistency, timeliness, accessibility, 
interoperability, security, provenance, and contextual relevance of procurement and supply-chain data. 
Future research should examine data ownership, classification, integration, validation, privacy, 
cybersecurity, interoperability, provenance, and cross-organizational data sharing across transactional, 
supplier, financial, environmental, social, contractual, and operational data sources. Particular attention 
should be given to integrating structured and unstructured data and overcoming organizational and 
interorganizational data silos. Future studies should establish how data governance influences AI reliability, 
explainability, scalability, auditability, model performance, decision quality, and stakeholder trust. 
Research should also examine whether data governance mediates the relationship between AI investment 
and procurement outcomes, thereby clarifying why sophisticated AI systems may fail when the underlying 
data architecture is fragmented or poorly governed. 

(5) Advance Predictive and Prescriptive AI for Supply Risk and Resilience: Future research should 
extend AI-enabled supply-risk management from risk identification and prediction toward predictive–
prescriptive resilience. AI can support early-warning systems, disruption forecasting, scenario analysis, 
alternative supplier identification, inventory optimization, capacity reallocation, and supply-network 
reconfiguration. However, predictive accuracy does not automatically translate into resilience because 
organizations must possess the capacity to convert intelligence into timely and coordinated action. Future 
studies should therefore examine the relationships among AI-enabled sensing, managerial decision-making, 
organizational response, and resource reconfiguration. Research should integrate geopolitical, 
environmental, logistical, financial, technological, cyber, and supplier risks, and investigate how 
organizations balance resilience, efficiency, responsiveness, cost, and sustainability. Particular attention 
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should be directed toward situations in which resilience-enhancing actions generate environmental or social 
trade-offs and whether AI can support more balanced decision-making under conditions of uncertainty. 

(6) Advance AI-Enabled Supplier Sustainability and Responsible Sourcing: Future research should 
transform supplier sustainability management from periodic and compliance-oriented assessment toward 
continuous, predictive, and multidimensional supplier intelligence. AI can integrate supplier disclosures, 
transaction histories, audit results, regulatory information, environmental indicators, social-risk signals, 
media information, and other external data to identify emerging sustainability risks. Emerging applications 
combining natural language processing and life-cycle assessment demonstrate the feasibility of intelligent 
supplier risk assessment [95]. Nevertheless, future research should move beyond model accuracy to 
examine whether AI-supported supplier intelligence produces measurable changes in supplier behaviour 
and sustainability performance. Research should investigate closed-loop mechanisms through which AI 
identifies sustainability risks, prioritizes suppliers, recommends interventions, monitors corrective actions, 
and evaluates supplier development outcomes across environmental, social, ethical, and governance 
dimensions. Supplier perceptions of automated sustainability assessment, including fairness, transparency, 
explainability, and contestability, should also receive greater attention. 

(7) Expand AI-Enabled Supplier Scouting and Supply-Market Intelligence: Future research should 
extend AI-enabled procurement beyond supplier selection within established databases toward intelligent 
supplier discovery, market sensing, and supply-market intelligence. Semantic search, natural language 
processing, knowledge graphs, web intelligence, external-data integration, and predictive analytics can 
increase organizations’ ability to identify previously unknown suppliers, alternative sources, emerging 
market participants, innovative suppliers, and geographically diversified supply options [40]. Research 
should evaluate supplier-discovery accuracy alongside its effects on supplier diversification, resilience, 
innovation, sustainability, ethical sourcing, competition, and continuity of supply. Information-processing 
theory provides a valuable foundation for examining how AI expands organizational capacity to process 
complex, uncertain, heterogeneous, and rapidly changing supply-market information. Future research 
should also investigate whether AI-enabled supplier discovery unintentionally favours digitally visible 
suppliers while marginalizing smaller or less digitally mature suppliers. 

(8) Broaden AI Applications in Supply-Chain Finance: Future research should broaden AI-enabled 
supply-chain finance beyond traditional credit-risk assessment toward integrated financial intelligence and 
adaptive decision-making. Emerging applications include cash-flow forecasting, dynamic credit assessment, 
supplier financing, working-capital optimization, liquidity management, financial-risk monitoring, early-
payment decisions, and fraud prevention. Particular attention should be directed toward SMEs and 
financially constrained suppliers because improved access to finance may strengthen supplier stability, 
continuity, and resilience. At the same time, AI-enabled financing raises important concerns regarding 
transparency, fairness, privacy, explainability, data bias, and algorithmic discrimination. Future research 
should therefore examine whether AI-enabled supply-chain finance can simultaneously enhance financial 
resilience, supplier inclusion, responsible financing, and sustainable supply-chain value creation rather than 
prioritizing financial efficiency at the expense of vulnerable suppliers. 

(9) Develop Human–AI Complementarity and Organizational Readiness: Future research should 
position human–AI complementarity and organizational readiness as central mechanisms underlying 
successful AI-enabled procurement transformation. AI can process large volumes of data, identify patterns, 
generate predictions, and provide recommendations, whereas procurement professionals contribute 
contextual knowledge, relational intelligence, ethical reasoning, experience, negotiation expertise, and 
strategic judgment. Future studies should identify the conditions under which these capabilities are 
complementary rather than substitutive and determine which procurement activities should be automated, 
augmented, or retained under human authority. Key issues include AI literacy, reskilling, leadership, 
organizational learning, trust, algorithmic reliance, job redesign, decision rights, organizational culture, and 
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resistance to technological change. Research should also clarify how accountability should be allocated 
when AI substantially influences procurement decisions. This direction would strengthen the socio-
technical foundations of AI-driven procurement and support the development of human-centred, 
augmentation-oriented procurement systems. 

(10) Redefine AI-Enabled Negotiation and Buyer–Supplier Relationships: AI-enabled negotiation 
represents an important research frontier because procurement negotiation combines analytical 
optimization with trust, relational knowledge, strategic interaction, power, and contextual judgment. Future 
studies should distinguish among AI-supported negotiation preparation, decision-support systems, 
recommendation-based negotiation, semi-autonomous negotiation, and fully autonomous bargaining. 
Transaction cost economics (Williamson, 2008) [73] provides a useful theoretical foundation for examining 
whether AI reduces search, information, bargaining, and monitoring costs. However, efficiency gains 
should be evaluated alongside implications for bargaining power, information asymmetry, fairness, 
transparency, trust, supplier perceptions, and relationship quality. The central question should therefore 
shift from whether negotiation can be automated toward where the optimal boundary between algorithmic 
efficiency and human relational judgment should be established, particularly across strategic, complex, and 
relationship-intensive procurement categories. 

(11) Institutionalize Responsible, Explainable, and Trustworthy AI Governance: Responsible AI 
should become a core governance capability within sustainable procurement management, rather than a 
peripheral compliance requirement. AI increasingly influences supplier selection, sustainability scoring, 
risk assessment, negotiation, financing, fraud detection, and other decisions with significant consequences 
for suppliers, employees, and stakeholders. Future research should examine algorithmic transparency, 
explainability, fairness, accountability, auditability, privacy, cybersecurity, bias mitigation, human 
oversight, contestability, and mechanisms for reviewing or challenging AI-generated decisions. 
Responsible governance should be studied throughout the AI lifecycle, from data acquisition and model 
development to deployment, monitoring, auditing, and continuous improvement. Future studies should also 
investigate how responsible AI governance influences stakeholder trust, legitimacy, supplier participation, 
organizational reputation, and sustainability performance, thereby positioning responsible AI as a strategic 
capability for sustainable procurement. 

(12) Advance AI-Enabled Procurement Fraud Detection and Integrity Management: Future research 
should move from retrospective fraud detection toward proactive AI-enabled procurement integrity 
management. AI can analyse transactional, behavioural, communication, supplier, and network data to 
identify anomalies and potential indicators of collusion, conflicts of interest, suspicious payments, duplicate 
transactions, bid-rigging patterns, and other forms of procurement misconduct. Agency theory provides a 
useful foundation for examining how AI-enabled monitoring can reduce information asymmetry and 
strengthen accountability. Nevertheless, researchers must explicitly address false positives, excessive 
surveillance, privacy violations, algorithmic bias, explainability, and unjustified suspicion. Future research 
should therefore develop explainable, auditable, and human-supervised integrity systems and evaluate their 
effects not only on detection accuracy but also on procedural fairness, stakeholder trust, organizational 
integrity, and governance effectiveness. 

(13) Expand Research on SMEs and Emerging-Market Contexts: Future research should substantially 
expand empirical evidence from SMEs and emerging-market economies, which remain comparatively 
underrepresented in AI-enabled procurement research. Many existing models implicitly assume advanced 
digital infrastructure, extensive datasets, specialized analytical capabilities, reliable connectivity, and 
substantial investment capacity, assumptions that may not hold for resource-constrained organizations. Future 
studies should investigate affordable, modular, scalable, interoperable, and context-sensitive AI solutions while 
examining the effects of firm size, industry, digital maturity, institutional quality, infrastructure, managerial 
capabilities, financing constraints, and ecosystem support. Comparative research across developed and 
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emerging economies would be particularly valuable for distinguishing generalizable mechanisms from 
context-specific boundary conditions and determining whether AI-enabled procurement transformation 
contributes to digital inclusion or reinforces existing capability asymmetries across supply networks. 

(14) Develop Multidimensional Measures of Sustainable Procurement Value: Future research should 
establish multidimensional, validated, and longitudinal measures of AI-enabled sustainable procurement 
value. Existing research often emphasizes cost savings, automation, productivity, and transaction speed, 
potentially overlooking environmental, social, resilience, governance, and strategic outcomes. Future 
studies should develop comprehensive indicators encompassing economic efficiency, emissions reduction, 
resource productivity, waste minimization, circularity, supplier sustainability, labour and human rights 
performance, ethical compliance, transparency, supply continuity, risk reduction, stakeholder value, 
innovation, and strategic performance. Crucially, researchers should distinguish among AI adoption, AI 
capability, AI-enabled process improvement, and actual value realization, because implementing an AI 
system does not constitute evidence of sustainability improvement. Measurement frameworks should also 
capture trade-offs across sustainability dimensions and assess whether initial efficiency gains translate into 
enduring and system-level sustainability outcomes. 

(15) Strengthen Theoretical Integration and Explanatory Power: The theoretical development of AI-
driven sustainable procurement requires stronger integration among complementary theoretical 
perspectives. Dynamic capabilities theory can explain sensing, seizing, and resource reconfiguration; 
information-processing theory can explain how AI addresses procurement complexity, uncertainty, and 
information overload; transaction cost economics can explain reductions in search, information, bargaining, 
and governance costs [73]; agency theory can explain monitoring, control, and information asymmetry; 
stakeholder theory can explain competing sustainability expectations; institutional theory can explain 
regulatory and normative pressures; and resource orchestration theory can explain how AI resources are 
structured, bundled, and leveraged. Future research should integrate these perspectives rather than applying 
them independently to isolated technological applications. A multi-theoretical capability perspective would 
provide stronger explanations of how AI resources become organizational capabilities, how these 
capabilities become embedded in procurement routines, how contextual conditions influence their 
deployment, and how these mechanisms jointly produce sustainable and resilient outcomes. 

(16) Strengthen Longitudinal, Comparative, and Real-World Evidence: The field requires substantially 
stronger longitudinal, comparative, mixed-method, and real-world evidence. Cross-sectional surveys and 
conceptual studies provide valuable initial insights but offer a limited understanding of capability 
development, organizational learning, implementation failure, path dependence, and long-term value 
realization. Longitudinal research should examine how AI capabilities develop and evolve over time, while 
comparative studies should investigate differences across industries, countries, firm sizes, procurement 
categories, supply chain configurations, and institutional environments. Organizational case studies, action 
research, field studies, and implementation research can provide deeper insights into transformation 
processes, while large-scale quantitative studies can test causal relationships and boundary conditions. 
Where feasible, quasi-experimental and experimental designs should be used to evaluate specific AI-
enabled procurement interventions. Greater use of objective procurement records, supplier-level 
information, digital trace data, and independently verified sustainability indicators would further strengthen 
empirical validity, causal inference, and generalizability. 

(17) Develop and Validate an Integrated AI–Procurement–Sustainability–Resilience Framework: The 
ultimate research priority is the development and empirical validation of an integrated AI capability–
procurement process–context–governance–sustainability–resilience framework. Rather than assuming a 
direct relationship between AI adoption and sustainability performance, the framework should explain how 
AI capabilities are translated through procurement processes, organizational resources, supplier 
relationships, and governance arrangements into measurable outcomes. It should incorporate AI-enabled 
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spend intelligence, supplier scouting, sourcing, supplier management, risk management, supply-chain 
finance, negotiation, operational procurement, fraud detection, and sustainability intelligence while 
accounting for the enabling and moderating roles of data governance, organizational readiness, supplier 
capabilities, institutional conditions, human–AI collaboration, and responsible AI governance. Future 
empirical studies should test direct, mediating, moderating, and potentially nonlinear relationships among 
these constructs across different organizational and institutional settings. Such validation would provide a 
coherent theoretical basis for explaining how, when, where, and under what conditions AI capabilities 
generate sustainable, resilient, and strategically valuable procurement outcomes. 

Taken together, these research directions establish four fundamental transitions for the field: from AI 
adoption to capability development; from isolated applications to end-to-end integration; from operational 
efficiency to multidimensional sustainable value creation; and from technology centred implementation to 
responsible, human centred, and context-sensitive governance. This trajectory positions AI-driven 
sustainable procurement management as a strategic organizational and interorganizational capability 
embedded across procurement processes, supplier ecosystems, and supply networks, rather than as a 
collection of independent digital technologies. Future research should therefore move beyond asking 
whether organizations adopt AI and instead examine how AI capabilities are developed, orchestrated, 
scaled, governed, and renewed; how they interact with organizational, supplier, technological, and 
institutional conditions; how they influence both intended and unintended sustainability outcomes; and how 
their contributions can be measured over time. Ultimately, this agenda provides a foundation for advancing 
the literature from fragmented evidence of individual AI applications toward a coherent, theoretically 
grounded, empirically validated, responsible, resilient, and sustainability-oriented paradigm of AI-enabled 
procurement transformation, in which AI is understood not merely as a technological enabler of 
procurement efficiency but as a strategic capability for creating enduring and balanced value across 
sustainable supply chains. 

 

Figure 4. Strategic Research Agenda for AI-Driven Sustainable Procurement Management. 
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Table 3. Future Research Agenda for AI-Driven Sustainable Procurement. 

No.Research Priority Research Focus Expected Contribution 

1 End-to-End AI Integration 
Integrate AI across the procurement 
lifecycle. 

Enable integrated procurement 
transformation. 

2 AI Maturity and Implementation 
Develop AI maturity models and 
implementation pathways. 

Guide scalable AI adoption. 

3 AI Capabilities and Value Creation 
Examine AI capabilities and value-creation 
mechanisms. 

Explain sustained procurement value. 

4 Data Governance and Quality 
Address data quality, integration, security, 
and privacy. 

Enable reliable and responsible AI. 

5 Supply Risk and Resilience 
Apply AI to risk prediction and supply-chain 
reconfiguration. 

Strengthen resilience and adaptability. 

6 Supplier Sustainability 
Apply AI to ESG screening, monitoring, and 
evaluation. 

Improve supplier sustainability 
performance. 

7 Supplier Intelligence and Scouting 
Use AI for supplier discovery, 
diversification, and market intelligence. 

Enhance sourcing agility and 
continuity. 

8 AI-Enabled Supply Chain Finance 
Apply AI to credit, financing, cash flow, and 
risk management. 

Strengthen financial resilience. 

9 Human–AI Collaboration 
Examine skills, leadership, readiness, and 
decision-making. 

Enhance human–AI procurement 
capabilities. 

10 AI-Enabled Negotiation 
Examine AI-supported negotiation, trust, and 
relationships. 

Balance automation with human 
judgment. 

11 Responsible and Explainable AI 
Address fairness, bias, explainability, 
privacy, and accountability. 

Promote trustworthy AI procurement. 

12 AI-Enabled Fraud Detection 
Develop AI for fraud detection and 
prevention. 

Strengthen procurement integrity. 

13 SMEs and Emerging Markets 
Examine affordability, scalability, skills, and 
institutional conditions. 

Enable inclusive and context-sensitive 
adoption. 

14 Sustainable Procurement Performance 
Develop multidimensional sustainability 
measures. 

Assess value beyond cost and 
efficiency. 

15 Theoretical Integration 
Integrate complementary theoretical 
perspectives. 

Strengthen theoretical coherence. 

16 
Longitudinal and Comparative 
Evidence 

Conduct longitudinal, cross-industry, and 
cross-country studies. 

Improve causal understanding and 
generalizability. 

17 
Integrated AI–Procurement–
Sustainability–Resilience Framework 

Link AI capabilities, procurement, 
governance, sustainability, and resilience. 

Explain how and when AI creates 
sustainable procurement value. 

5. Conclusions 

This systematic literature review (SLR) critically synthesizes the emerging body of research on AI-
driven sustainable procurement management in supply chains and clarifies its intellectual development, 
current limitations, and future trajectory. The evidence indicates that artificial intelligence (AI) is moving 
beyond its conventional roles in automation, analytics, and decision support toward a potentially strategic 
capability to transform procurement processes and supply-chain relationships. AI-enabled applications can 
strengthen supplier intelligence, sourcing and selection, process automation, risk anticipation, financial 
decision-making, fraud detection, negotiation support, transparency, traceability, and sustainability 
assessment. However, the literature remains fragmented across technological, procurement, and 
sustainability perspectives and is characterized by substantial methodological heterogeneity. More 
importantly, existing research remains disproportionately concerned with AI adoption, technological 
functionality, and operational efficiency, whereas considerably less attention has been devoted to 
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explaining how AI capabilities are developed, integrated, governed, and converted into sustained 
sustainability and strategic value. 

A central finding of the review is the existence of an AI capability–sustainability value gap. The 
literature demonstrates considerable confidence in what AI can technically accomplish, but substantially 
less empirical evidence explains how technological potential becomes measurable and sustained 
organizational, sustainability, and resilience outcomes. This finding challenges a largely technology-centric 
view of AI implementation. AI adoption should not be treated as a sufficient condition for procurement 
transformation; rather, value realization depends on the orchestration of AI capabilities with 
complementary organizational, technological, human, relational, and institutional resources. Data quality 
and governance, digital interoperability, procurement maturity, organizational readiness, employee 
competencies, supplier capabilities, institutional conditions, human–AI collaboration, and responsible 
governance emerge as critical enabling conditions. AI-driven sustainable procurement is therefore better 
conceptualized as a socio-technical and interorganizational capability-building process than as a discrete 
technological intervention. 

The review further demonstrates that the field is fragmented by its predominant focus on individual AI 
applications rather than the interaction of interconnected capabilities across the procurement lifecycle. 
Research on supplier selection, forecasting, automation, risk management, sustainability assessment, 
negotiation, or fraud detection frequently examines these applications in isolation, limiting understanding 
of how their combined effects reshape procurement systems and supply networks. This fragmentation 
obscures potential complementarities, capability dependencies, feedback effects, trade-offs, and unintended 
consequences. A more mature research perspective should therefore conceptualize AI-driven procurement 
as an end-to-end capability architecture that extends from supplier intelligence and strategic sourcing 
through purchasing, contract management, supplier development, risk monitoring, sustainability evaluation, 
and continuous performance management. 

5.1. Theoretical Implications 

The principal theoretical contribution of this study is to reposition AI-driven sustainable procurement 
from a technology-adoption phenomenon to a capability-orchestration phenomenon. The synthesis suggests 
that AI generates sustainable value through the interaction among technological resources, organizational 
capabilities, procurement routines, human expertise, supplier relationships, data infrastructures, and 
governance mechanisms. An integrated theoretical perspective drawing on dynamic capabilities theory, 
information-processing theory, transaction cost economics, and agency theory provides a stronger 
foundation for explaining this process. Dynamic capabilities illuminate how organizations sense emerging 
procurement and sustainability challenges, seize AI-enabled opportunities, and reconfigure resources and 
routines; information-processing theory explains how AI expands the capacity to process complex, 
uncertain, and rapidly changing supply-chain information; transaction cost economics clarifies how AI may 
alter information asymmetry, monitoring costs, coordination, and supplier governance; and agency theory 
provides insights into AI-enabled monitoring, accountability, incentive alignment, and decision rights. 

Taken together, these perspectives support a conceptual progression from AI resources to AI-enabled 
capabilities, to procurement process transformation, to sustainable procurement practices, to 
multidimensional supply-chain outcomes. Importantly, this progression is not deterministic. Its 
effectiveness depends on complementary resources and contextual conditions that can enable, constrain, or 
redirect value realization. The study therefore extends conventional AI adoption research by emphasizing 
capability development, resource orchestration, process integration, interorganizational governance, and 
sustainable value realization. It also establishes a basis for future theory development concerning the 
mechanisms and boundary conditions that explain why comparable AI investments may generate different 
outcomes across organizations, industries, institutional environments, and supply-chain configurations. 



Intell. Sustain. Manuf. 2026, 3(2), 10025. doi:10.70322/ism.2026.10025 31 of 37 

 

5.2. Practical Implications 

The findings suggest that organizations should approach AI-enabled procurement as a strategic 
transformation of the procurement operating model, rather than as a collection of independent digital 
applications. AI investments should be aligned with procurement strategy and sustainability objectives, and 
evaluated for their contributions to supplier intelligence, sourcing effectiveness, risk anticipation, resilience, 
sustainability performance, procurement integrity, financial robustness, and long-term strategic value. This 
requires complementary investments in data governance, interoperable digital infrastructure, cybersecurity, 
privacy protection, process redesign, employee capabilities, supplier readiness, human oversight, and 
responsible AI controls. 

AI transformation should also follow a capability-based rather than technology-led implementation 
logic. Organizations should assess data and organizational readiness, establish appropriate governance 
structures, develop internal and supplier capabilities, pilot high-value applications, evaluate outcomes, and 
scale successful capabilities progressively. Such an approach can reduce the risk of investing in 
sophisticated technologies without the organizational and relational conditions required for value 
realization. The strategic objective should therefore be to develop an adaptive procurement capability in 
which AI, people, processes, suppliers, and governance mechanisms evolve together. 

5.3. Managerial Implications 

For procurement managers, the central implication is that AI should augment professional judgment 
rather than simply replace procurement decision-makers. AI can provide superior capabilities for prediction, 
pattern recognition, information processing, anomaly detection, and decision recommendation, while 
human professionals remain essential for contextual interpretation, negotiation, ethical judgment, 
relationship management, and strategic decision-making. Hybrid decision structures should therefore be 
designed to establish appropriate boundaries between algorithmic recommendations and human authority, 
particularly in supplier selection, negotiation, risk evaluation, sustainability decisions, and high-impact 
procurement decisions. 

Managers should also establish an AI capability maturity roadmap covering data readiness, 
technological infrastructure, process integration, employee competencies, supplier capabilities, governance, 
and performance measurement. Evaluation should extend beyond traditional indicators such as cost, cycle 
time, and productivity to encompass environmental and social outcomes, resilience, transparency, 
accountability, supplier development, risk reduction, and long-term strategic value. Continuous monitoring 
of algorithmic performance, explainability, data quality, bias, cybersecurity, model reliability, and 
unintended consequences should form an integral component of AI-enabled procurement governance. 

5.4. Study Limitations 

This study has several limitations. First, the review is bounded by the selected evidence base and the 
publication period ending 30 June 2026, and therefore may not capture relevant evidence outside the 
defined scope. Second, the reviewed studies exhibit considerable conceptual, theoretical, methodological, 
and contextual heterogeneity, limiting direct comparability and the strength of cumulative causal inference. 
Third, empirical evidence remains uneven across industries, organizational sizes, geographical regions, 
SMEs, and emerging economies, constraining the transferability of findings across different institutional 
and supply-chain environments. Fourth, the integrated conceptual interpretation advanced by this review is 
derived from the existing literature and consequently requires further empirical validation. 

These limitations also define important directions for future inquiry. Longitudinal research is needed 
to examine the development and maturation of AI capabilities and their effects over time; comparative and 
cross-contextual studies can clarify institutional and organizational boundary conditions; mixed-method 
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and case-based research can illuminate underlying mechanisms; and experimental, quasi-experimental, and 
large-scale empirical designs can strengthen causal inference. Greater use of real-world organizational data 
and validated economic, environmental, social, resilience, and governance indicators is also required to 
establish more robust evidence of long-term value realization. 

5.5. Overall Contribution and Future Outlook 

Overall, this review establishes AI-driven sustainable procurement management as an emerging 
strategic research domain at the intersection of artificial intelligence, procurement transformation, 
sustainability, and supply-chain resilience. Its central contribution is to demonstrate that the advancement 
of this field depends not primarily on identifying additional AI applications, but on explaining the capability 
architecture, value-creation mechanisms, and governance conditions through which AI can generate 
sustained and responsible outcomes. 

Four fundamental shifts emerge from the synthesis: from AI adoption to capability development; from 
isolated applications to end-to-end integration; from operational efficiency to multidimensional sustainable 
value creation; and from technology centred implementation to responsible, human centred, and context-
sensitive governance. These shifts provide the foundation for a more mature research paradigm in which 
AI is understood as an evolving capability embedded within procurement ecosystems rather than as an 
independent technological input. 

The future of AI-driven sustainable procurement research, therefore, lies in explaining how AI 
capabilities are developed, orchestrated, embedded, governed, and scaled, how they interact with human 
and organizational capabilities, and under what conditions they generate sustained economic, 
environmental, social, resilience, and strategic value. Addressing these questions can move the field beyond 
demonstrating what AI can do toward explaining how, why, and when AI-enabled procurement creates 
sustainable value. Such a transition would strengthen cumulative theory development, improve empirical 
rigor, and provide organizations with a more credible pathway toward responsible and resilient AI-enabled 
procurement transformation. 
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