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Abstract

Large language models (LLMs) have emerged as transformative technologies in
enterprise decision-making, offering unprecedented capabilities in natural language
processing (NLP), information synthesis, and predictive analytics. This review
examines the application of LLMs as decision support tools in procurement and
supplier selection processes. Procurement professionals face increasingly complex
challenges in supplier evaluation, risk assessment, contract analysis, and market
intelligence gathering. Traditional decision support systems (DSS) often struggle with
unstructured data and nuanced linguistic information inherent in supplier
communications, contracts, and market reports. LLMs, powered by transformer
architectures and trained on vast corpora, demonstrate remarkable abilities in
understanding context, extracting insights from diverse data sources, and generating
actionable recommendations. This paper systematically reviews recent developments
in LLM applications for procurement, analyzing their capabilities in supplier risk
assessment, performance prediction, contract compliance monitoring, and market
trend analysis. We examine how models such as GPT-4, Claude, and domain-specific
variants are being integrated into procurement workflows to enhance decision quality,
reduce processing time, and improve supplier relationship management. The review
identifies key technical challenges including data privacy concerns, hallucination risks,
integration with existing enterprise resource planning (ERP) systems, and the need for
domain-specific fine-tuning. We also explore emerging research on multi-agent LLM
systems for collaborative procurement decisions, retrieval-augmented generation
(RAG) for supplier database queries, and interpretability mechanisms that enhance
trust in LLM-generated recommendations. Our analysis reveals that while LLMs offer
substantial benefits in processing efficiency and insight generation, successful
implementation requires careful consideration of organizational readiness, data
governance frameworks, and human oversight mechanisms.
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1. Introduction

The procurement function has evolved from a transactional cost-center to a strategic value
driver in modern organizations, requiring sophisticated analytical capabilities to navigate
global supply chains, manage supplier relationships, and mitigate operational risks. Large
language models (LLMs) represent a paradigm shift in artificial intelligence (AI) that is
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fundamentally transforming how procurement professionals approach decision-making
processes [1]. These neural network architectures, trained on massive text corpora
comprising billions of parameters, exhibit emergent capabilities in natural language
understanding, reasoning, and generation that surpass previous generations of Al systems [2].
The application of LLMs in procurement contexts addresses long-standing challenges in
processing unstructured data sources, including supplier communications, market
intelligence reports, contract documents, and regulatory filings that contain critical decision-
relevant information but resist traditional structured database approaches [3]. Procurement
and supplier selection decisions involve complex multi-criteria evaluations that integrate
quantitative metrics such as cost, quality, and delivery performance with qualitative factors
including corporate culture alignment, innovation capability, and sustainability practices [4].
Traditional decision support systems (DSS) rely heavily on structured data inputs and
predefined decision rules, limiting their effectiveness when faced with the linguistic nuances
and contextual subtleties that characterize real-world supplier evaluations [5]. The
emergence of transformer-based architectures, beginning with the seminal attention
mechanism and subsequently refined through models such as Generative Pre-trained
Transformer (GPT), Bidirectional Encoder Representations from Transformers (BERT), and
their successors, has created new possibilities for extracting insights from textual data at
unprecedented scale and sophistication [6]. Recent iterations including GPT-4, Claude, and
domain-adapted variants demonstrate capabilities in multi-document reasoning, numerical
analysis, and contextual understanding that align closely with the cognitive demands of
procurement decision-making [7]. The integration of LLMs into procurement workflows
represents more than incremental technological advancement; it constitutes a fundamental
reconceptualization of how organizations can leverage information assets for competitive
advantage. Enterprise resource planning (ERP) systems traditionally serve as the backbone of
procurement data management, but their structured database paradigms struggle to capture
and utilize the rich qualitative information embedded in supplier proposals, performance
reviews, and market analyses [8]. LLMs offer complementary capabilities through natural
language processing (NLP) techniques that can interpret, synthesize, and reason over
unstructured text at human-level or superior performance on many tasks [9]. Organizations
are exploring applications ranging from automated supplier risk screening based on news
sentiment analysis to contract clause extraction and compliance verification, leveraging LLMs'
ability to process diverse information sources with minimal manual data preparation [10].
Despite the promising capabilities, the adoption of LLMs in procurement raises important
questions regarding accuracy, reliability, and organizational integration. The phenomenon of
hallucination, where models generate plausible but factually incorrect information, poses
particular risks in decision contexts where erroneous supplier assessments could lead to
supply chain disruptions or financial losses [11]. Data privacy and security concerns emerge
when proprietary procurement information is processed through cloud-based LLM services,
necessitating careful architectural designs that protect competitive intelligence while
leveraging model capabilities [12]. The interpretability of LLM recommendations presents
another challenge, as procurement professionals require transparent rationales for supplier
selections to satisfy stakeholder accountability and regulatory compliance requirements [13].
Recent research has begun addressing these limitations through techniques such as retrieval-
augmented generation (RAG), which grounds LLM outputs in verifiable source documents,
and fine-tuning approaches that adapt general-purpose models to procurement-specific
terminology and decision frameworks [14]. This review synthesizes current knowledge on
LLM applications in procurement and supplier selection, examining both technological
capabilities and practical implementation considerations. We analyze the state-of-the-art in
LLM architectures relevant to procurement contexts, survey empirical studies demonstrating
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their effectiveness in various procurement tasks, and identify critical research gaps that
require further investigation. The paper proceeds as follows: Section 2 provides a
comprehensive literature review situating LLMs within the broader context of Al-enabled
procurement research; Section 3 examines the technical foundations of LLM architectures and
their specific capabilities relevant to decision support; Section 4 analyzes current applications
and use cases in procurement and supplier selection; Section 5 discusses challenges,
limitations, and future research directions; and the concluding section synthesizes key
insights and implications for research and practice.

2. Literature Review

The academic literature on Al applications in procurement has evolved substantially over the
past decade, progressing from rule-based expert systems to sophisticated machine learning
approaches and, most recently, to foundation models capable of general-purpose language
understanding. Early research in procurement automation focused primarily on transactional
efficiency, employing basic NLP techniques for purchase order processing and invoice
matching with limited semantic understanding capabilities [15]. The introduction of machine
learning methods marked a significant advancement, enabling predictive analytics for
demand forecasting and supplier performance evaluation through supervised learning
algorithms trained on historical procurement data [16]. However, these approaches remained
constrained by their dependence on structured features and labeled training examples,
limiting their applicability to the diverse unstructured information sources that characterize
contemporary procurement environments [17]. The emergence of deep learning and neural
network architectures introduced new possibilities for processing complex procurement data,
particularly in domains requiring pattern recognition across high-dimensional input spaces.
Convolutional neural networks demonstrated effectiveness in analyzing supplier
documentation images and extracting information from scanned contracts, while recurrent
neural networks showed promise in modeling sequential dependencies in supplier
performance time series [18]. Research by Zhang and colleagues demonstrated how long
short-term memory networks could predict supplier delivery delays by learning temporal
patterns from order histories and contextual factors such as seasonal demand variations and
transportation disruptions [19]. These studies established the viability of neural approaches
but were limited by architectural constraints that prevented effective scaling to longer
contexts and more complex reasoning tasks [20]. The transformer revolution, initiated by the
attention mechanism described in the seminal work by Vaswani and colleagues,
fundamentally altered the landscape of NLP research and subsequently influenced
procurement Al applications. Unlike previous sequential processing architectures,
transformers enable parallel processing of input sequences and learn rich contextual
representations through self-attention mechanisms that dynamically weight the relevance of
different input elements [21]. BERT and its variants demonstrated that pre-training on large
unlabeled corpora followed by task-specific fine-tuning could achieve state-of-the-art
performance across diverse NLP benchmarks, inspiring procurement researchers to explore
similar approaches for domain adaptation [22]. Studies applied BERT-based models to
supplier classification tasks, achieving superior accuracy compared to traditional text
classification methods by leveraging pre-trained semantic understanding [23]. Supplier risk
assessment has emerged as a particularly active research domain for LLM applications, driven
by the critical importance of proactive risk management in global supply chains. Traditional
risk assessment frameworks rely on manual analysis of supplier financial statements, audit
reports, and third-party ratings, creating time lags between emerging risks and organizational
awareness [24]. LLMs enable near real-time risk monitoring by processing news articles,
social media discussions, regulatory filings, and other publicly available information sources
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to identify potential supplier vulnerabilities before they manifest in operational disruptions
[25]. Research has demonstrated that sentiment analysis using pre-trained language models
can effectively identify early warning signals of supplier financial distress, with some studies
reporting prediction accuracy improvements of twenty to thirty percent compared to
conventional financial ratio analysis [26]. Contract analysis and management represents
another domain where LLMs have shown substantial promise, addressing the longstanding
challenge of extracting structured information from legal documents written in complex
domain-specific language. Procurement organizations typically manage thousands of supplier
contracts with varying terms, conditions, and obligations that must be monitored for
compliance and renewal opportunities [27]. Manual contract review is time-consuming and
error-prone, while traditional rule-based extraction systems struggle with linguistic
variations and implicit contractual relationships [28]. Fine-tuned LLMs have demonstrated
capabilities in identifying contract clauses, extracting key terms such as pricing structures and
service level agreements, and flagging non-standard provisions that require legal review [29].
Empirical studies report that LLM-based contract analysis systems can achieve precision and
recall rates exceeding ninety percent on standard clause identification tasks, substantially
reducing manual review workload while maintaining quality standards [30]. Market
intelligence gathering and competitive analysis constitute critical yet resource-intensive
procurement activities that benefit significantly from LLM capabilities in information
synthesis. Procurement professionals must stay informed about supplier market dynamics,
technological innovations, pricing trends, and competitive positioning to negotiate effectively
and identify strategic sourcing opportunities [31]. Traditional approaches to market
intelligence rely on manual monitoring of industry publications, trade shows, and analyst
reports, creating information overload challenges as the volume and velocity of available
information continue to increase [32]. LLMs enable automated summarization of market
reports, extraction of relevant insights from competitor announcements, and synthesis of
information across multiple sources to generate coherent market assessments [33]. Research
has explored using GPT-based models to generate supplier market briefings by processing
earnings call transcripts, product announcements, and industry news, demonstrating that
LLM-generated summaries achieve comparable informativeness to human-authored
intelligence reports while requiring significantly less time [34]. Supplier selection
optimization represents a classical procurement problem that has attracted considerable
attention from operations research and management science communities, traditionally
approached through multi-criteria decision analysis techniques such as the analytic hierarchy
process and data envelopment analysis. Recent research has begun exploring how LLMs can
enhance these quantitative methods by incorporating qualitative information that resists
numerical encoding [35]. Studies have demonstrated that LLMs can process supplier
capability descriptions, customer testimonials, and corporate sustainability reports to
generate structured assessments that complement quantitative performance metrics in multi-
criteria evaluation frameworks [36]. The ability of LLMs to perform comparative reasoning
enables applications such as automated supplier ranking based on request-for-proposal
responses, where models analyze technical proposals and provide preliminary scoring that
procurement teams can refine [37]. The concept of retrieval-augmented generation has
gained significant attention as a method for grounding LLM outputs in verifiable source
materials, addressing concerns about hallucination and improving trustworthiness in decision
support applications. RAG architectures combine dense retrieval systems that identify
relevant documents from organizational knowledge bases with generative models that
synthesize information from retrieved sources to answer queries [38]. In procurement
contexts, RAG enables LLMs to access historical supplier performance data, past contract
terms, and internal policy documents when generating recommendations, creating an audit
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trail that links outputs to source evidence [39]. Research has shown that RAG-based systems
significantly reduce factual errors in procurement question-answering tasks compared to
pure generative approaches, while maintaining the natural language interaction benefits that
make LLMs accessible to non-technical users [40]. Multi-agent systems leveraging multiple
LLM instances represent an emerging research direction with particular relevance to
collaborative procurement decisions involving diverse stakeholder perspectives.
Procurement decisions typically require input from various functional areas including quality
assurance, logistics, finance, and sustainability, each bringing distinct evaluation criteria and
information sources [41]. Recent work has explored architectures where specialized LLM
agents represent different stakeholder viewpoints, engaging in structured dialogues to reach
consensus recommendations that balance competing objectives [42]. Preliminary studies
suggest that multi-agent LLM systems can identify creative sourcing solutions that single-
agent approaches miss, though questions remain about coordination mechanisms and conflict
resolution strategies [43].

3. LLM Architectures and Capabilities for Procurement

The technical foundations of LLMs relevant to procurement applications rest on transformer
architectures that process sequential data through parallel attention mechanisms rather than
the recurrent processing used in earlier neural network designs. The self-attention
mechanism computes weighted representations of input tokens by learning which parts of an
input sequence are most relevant for understanding each element, enabling the model to
capture long-range dependencies and contextual relationships that are critical for
comprehending complex procurement documents [44]. Modern LLMs employ decoder-only
transformer architectures such as GPT, which generate text autoregressively by predicting
each subsequent token based on all previous tokens, or encoder-based models such as BERT,
which create bidirectional representations suitable for classification and information
extraction tasks [45]. The scale of contemporary LLMs, measured in billions or even trillions
of parameters, enables emergent capabilities such as in-context learning where models
perform new tasks based solely on examples provided in the prompt without requiring
gradient updates [46]. Pre-training strategies fundamentally determine LLM capabilities and
their suitability for procurement applications, with most modern models employing
unsupervised learning on massive text corpora drawn from web crawls, books, academic
papers, and code repositories. This pre-training phase teaches models general linguistic
patterns, world knowledge, and reasoning capabilities that transfer to downstream tasks
through various adaptation mechanisms [47]. For procurement applications, the presence of
business and technical content in pre-training corpora is advantageous, as models develop
familiarity with commercial terminology, contractual language structures, and supply chain
concepts during this foundational training phase [48]. However, general-purpose pre-training
may not adequately cover specialized procurement vocabulary or organization-specific
processes, motivating domain adaptation approaches that continue training on procurement-
focused corpora to enhance model performance on specialized tasks [49]. The phenomenon of
few-shot and zero-shot learning distinguishes modern LLMs from previous machine learning
approaches that required extensive task-specific training data, offering particular advantages
for procurement applications where labeled training examples may be scarce or expensive to
obtain. Zero-shot learning enables LLMs to perform tasks they were not explicitly trained for
by leveraging their general language understanding and reasoning capabilities, demonstrated
through experiments where models successfully classify supplier risk categories or extract
contract terms without any domain-specific fine-tuning [50]. Few-shot learning extends this
capability by incorporating a small number of examples in the input prompt, guiding the
model toward desired output formats and reasoning patterns through demonstration rather
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than parameter optimization [51]. Research has shown that providing three to five examples
of procurement-specific tasks such as supplier evaluation or contract clause identification
substantially improves LLM performance, achieving results comparable to fine-tuned models
on some benchmarks [52]. Fine-tuning represents a crucial adaptation mechanism for
tailoring general-purpose LLMs to procurement-specific requirements, involving continued
training on domain-relevant datasets to specialize model knowledge and output patterns.
Supervised fine-tuning on annotated procurement documents such as labeled contracts,
classified supplier risk reports, or scored proposal evaluations allows models to learn
organization-specific terminology, evaluation criteria, and decision frameworks [53].
Parameter-efficient fine-tuning techniques such as low-rank adaptation have reduced the
computational resources required for domain adaptation, enabling procurement
organizations to customize LLMs without the infrastructure demands of full model training
[54]. Studies demonstrate that fine-tuned procurement models outperform general-purpose
counterparts on specialized tasks such as identifying non-standard contract clauses or
predicting supplier performance metrics, with performance improvements ranging from
fifteen to forty percent depending on task complexity and training data quality [55]. Prompt
engineering has emerged as a critical skill for effective LLM deployment in procurement,
encompassing techniques for designing input queries and context that elicit desired model
behaviors without modifying parameters. Well-designed prompts provide clear task
instructions, relevant contextual information, output format specifications, and examples that
guide model reasoning toward procurement-relevant responses [56]. Research has identified
several effective prompting strategies for procurement tasks, including chain-of-thought
prompting that instructs models to show reasoning steps when evaluating suppliers, role-
playing prompts that frame the model as a procurement specialist with specific expertise, and
structured output prompts that constrain generations to predefined formats compatible with
downstream systems [57]. Experimental results indicate that sophisticated prompting can
improve LLM performance on procurement tasks by twenty to fifty percent compared to
naive queries, approaching or sometimes exceeding the performance of fine-tuned models
[58]. Figure 1 provides an end-to-end overview of the proposed LLM-driven decision support
pipeline for procurement and supplier selection. The architecture illustrates how
heterogeneous inputs—such as supplier contracts, financial statements, and market
intelligence reports—are preprocessed and structured before being fed into the LLM
inference layer. By integrating retrieval-augmented generation (RAG) mechanisms and
attention-based contextual modeling, the system grounds its responses in verifiable evidence,
thereby mitigating hallucination risks. The output layer further incorporates traceability and
confidence estimation, enabling procurement professionals to audit recommendations and
link generated insights back to source documents. This pipeline perspective clarifies how
different technical components collectively support explainable and enterprise-ready
deployment of large language models in procurement environments.
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Figure 1: LLM Processing Pipeline for Procurement Decision Support
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Figure 1 A flowchart showing the LLM processing pipeline for procurement decision support

Embedding models constitute a specialized class of LLMs designed to convert text into dense
numerical vectors that capture semantic meaning, enabling similarity search and clustering
applications valuable for procurement analytics. These models map textual descriptions of
suppliers, products, or contracts into a high-dimensional vector space where semantically
similar items are positioned near each other, facilitating tasks such as finding comparable
suppliers or identifying similar contract terms across a large document corpus [59].
Procurement applications leverage embeddings to build supplier recommendation systems
that surface relevant vendors based on natural language descriptions of sourcing
requirements, achieving recommendation relevance scores superior to keyword-based search
by understanding conceptual relationships rather than just lexical matches [60]. Research
demonstrates that embedding-based supplier matching can reduce sourcing time by
identifying qualified vendors that would be missed by traditional category-based search,
expanding the pool of potential suppliers considered for each procurement opportunity [61].

4. Applications in Procurement and Supplier Selection

Supplier risk assessment and monitoring represents one of the most mature application areas
for LLMs in procurement, leveraging their capability to process vast amounts of unstructured
textual information from news sources, social media, regulatory databases, and corporate
disclosures to identify emerging risk signals. Organizations deploy LLM-based systems that
continuously scan public information sources for mentions of suppliers, applying sentiment
analysis and topic classification to detect potential risks such as financial instability, quality
issues, labor disputes, or environmental violations [62]. These systems generate automated
risk alerts that enable procurement teams to proactively address vulnerabilities before they
escalate into supply disruptions, with empirical studies reporting that early warning systems
reduce unplanned supplier switches by thirty to forty percent compared to reactive
monitoring approaches [63]. Advanced implementations combine multiple information
sources through ensemble methods, where LLMs process textual data while specialized
models analyze structured financial metrics and supply chain network indicators to provide
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comprehensive risk profiles [64]. The application of LLMs to contract analysis and lifecycle
management addresses the significant challenge of extracting, interpreting, and monitoring
compliance with contractual obligations across thousands of supplier agreements.
Procurement organizations use fine-tuned models to automatically identify contract clauses
related to pricing, payment terms, delivery schedules, quality standards, intellectual property
rights, termination conditions, and other critical provisions that require tracking throughout
the contract lifecycle [65]. These systems extract structured data from contracts into
databases that enable automated compliance monitoring, renewal opportunity identification,
and benchmarking of terms across similar agreements [66]. Research reports that LLM-based
contract analysis reduces manual review time by sixty to seventy percent while improving
consistency in clause identification, though complex legal language and non-standard contract
structures still require human validation of extracted information [67]. Table 1 presents a
comparative evaluation of general-purpose LLMs and domain-adapted fine-tuned models for
contract clause extraction tasks. The results highlight measurable performance gains in
structured clauses such as pricing terms and delivery schedules, where domain-specific fine-
tuning yields notable improvements in F1 scores. In contrast, clauses involving complex legal
semantics, such as intellectual property provisions, demonstrate more modest gains,
suggesting limitations related to training data diversity and legal language complexity. The
dataset composition—spanning multiple industries and contract types—also plays a critical
role in determining generalizability. Overall, the table quantifies the practical value of domain
adaptation while underscoring the continued importance of expert validation in high-stakes
contractual decision-making.

Table 1 : Performance comparison of LLM-based contract analysis systems across different clause types

Table 1: Performance Comparison of LLM-Based Contract Analysis Systems
Across Different Clause Types
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Request for proposal evaluation and supplier ranking represents a time-intensive
procurement activity that benefits substantially from LLM capabilities in comparative analysis
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and multi-criteria assessment. When issuing requests for proposals, organizations receive
detailed responses from multiple suppliers addressing technical requirements, commercial
terms, implementation approaches, and qualitative factors that must be systematically
evaluated against predefined criteria [68]. LLMs automate initial screening by processing
proposal documents to assess compliance with mandatory requirements, extract key
differentiators between competing offers, and generate preliminary scores across evaluation
dimensions such as technical capability, cost competitiveness, delivery timelines, and
innovation potential [69]. Studies demonstrate that LLM-assisted proposal evaluation reduces
assessment time by forty to sixty percent while improving consistency in scoring by applying
uniform criteria across all submissions, though procurement teams typically review and
adjust LLM-generated rankings before final supplier selection [70].

Market intelligence synthesis and competitive analysis leverage LLM capabilities to transform
fragmented information from diverse sources into coherent insights that inform strategic
sourcing decisions. Procurement professionals must monitor supplier financial performance,
technology developments, capacity expansions, merger and acquisition activities, and
competitive positioning to identify sourcing opportunities and negotiate from positions of
strength [71]. LLMs automate the collection and synthesis of market intelligence by
processing earnings reports, press releases, industry analyses, patent filings, and trade
publications to generate comprehensive supplier profiles and market landscape assessments
[72]. Research shows that automated intelligence generation enables more frequent market
reviews and consideration of a broader range of information sources, leading to identification
of cost-saving opportunities and risk exposures that would be missed through manual
analysis constrained by time and attention limits [73].

Supplier communication and relationship management represents an emerging application
area where conversational LLMs facilitate more efficient and personalized interactions with
supply chain partners. Organizations experiment with LLM-powered chatbots that handle
routine supplier inquiries about purchase orders, payment status, shipping schedules, and
documentation requirements, freeing procurement staff to focus on strategic activities [74].
More sophisticated applications use LLMs to draft customized communication based on
supplier history and current context, generating purchase orders, contract amendments,
performance feedback, and negotiation proposals that maintain appropriate tone and include
relevant details [75]. Early empirical evidence suggests that automated communication tools
improve response times and consistency, though concerns about maintaining personal
relationships and avoiding misunderstandings necessitate human oversight of LLM-generated
correspondence [76].

Figure 2 quantifies the operational impact of LLM adoption by comparing time requirements
across key procurement activities under traditional and Al-assisted workflows. The most
substantial efficiency gains are observed in contract clause extraction and market intelligence
analysis, reflecting the strength of LLMs in processing large volumes of unstructured text.
Moderate improvements are evident in RFP evaluation, while supplier communication tasks
show comparatively smaller reductions due to the inherently relational and negotiation-
driven nature of these interactions. Although the reported time savings depend on
implementation context and validation procedures, the results provide a concrete basis for
estimating return on investment and prioritizing Al integration within procurement functions.
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Figure 2: Time Reduction in Procurement Activities Using LLM-Based Decision Support Tools
vs, Traditional Manual Processes
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Figure 2 Bar chart comparing time reduction across different procurement activities when using LLM-
based decision support tools versus traditional manual processes

Demand forecasting and spend analysis applications leverage LLM capabilities in time series
analysis and pattern recognition to improve procurement planning accuracy, complementing
traditional statistical forecasting methods with insights from textual data sources such as
market reports, customer feedback, and macroeconomic analyses. While structured historical
demand data remains the primary input for quantitative forecasting models, LLMs enhance
predictions by incorporating qualitative signals from sources such as sales team
communications, customer service interactions, and industry trend analyses that indicate
emerging demand shifts [77]. Research demonstrates that hybrid forecasting approaches
combining statistical models with LLM-processed textual indicators improve prediction
accuracy by eight to fifteen percent for products subject to trend changes or market
disruptions, though the benefit varies substantially across product categories and forecast
horizons [78].

Sustainability and social responsibility assessment represents a growing procurement
priority where LLMs facilitate evaluation of supplier environmental practices, labor
conditions, diversity initiatives, and ethical sourcing commitments. Organizations increasingly
incorporate environmental, social, and governance criteria into supplier selection processes,
requiring assessment of qualitative information from sustainability reports, third-party audits,
certifications, and news coverage that resists simple numerical scoring [79]. LLMs process
these diverse information sources to generate comprehensive sustainability profiles that
identify strengths, weaknesses, and potential concerns requiring further investigation [80].
Studies show that automated sustainability assessment expands the number of suppliers
evaluated and identifies environmental and social risks that manual screening processes miss,
contributing to more responsible sourcing decisions [81].

Supplier development and capability building applications use LLMs to analyze supplier
performance patterns, identify improvement opportunities, and generate customized
development recommendations that strengthen supply chain capabilities. Rather than simply
monitoring compliance, leading procurement organizations invest in supplier development
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programs that transfer knowledge, provide technical assistance, and collaborate on process
improvements [82]. LLMs support these initiatives by analyzing performance data, quality
reports, and audit findings to diagnose root causes of supplier issues and suggest evidence-
based improvement strategies drawn from best practices in comparable situations [83].
Preliminary research indicates that data-driven supplier development approaches facilitated
by LLMs achieve faster capability improvements and higher program completion rates
compared to generic training interventions, though the complexity of change management in
supplier organizations limits what can be accomplished through information provision alone
[84].

5. Challenges and Future Directions

The challenge of hallucination, where LLMs generate plausible but factually incorrect
information, represents a critical concern for procurement applications where decision
accuracy directly impacts organizational performance and financial outcomes. While LLMs
demonstrate impressive language understanding and reasoning capabilities, they occasionally
produce confident-sounding assertions that lack basis in training data or contradict verifiable
facts, creating risks when procurement professionals rely on model outputs without
verification [85]. The probabilistic nature of LLM text generation, which samples from learned
distributions rather than retrieving stored facts, fundamentally contributes to hallucination
tendencies that cannot be completely eliminated through current architectural approaches
[86]. Research has demonstrated that hallucination rates vary substantially across tasks and
domains, with factual claims about specific suppliers, contract terms, or market conditions
being particularly vulnerable to errors that could mislead procurement decisions [87].

Mitigation strategies for hallucination include RAG architectures that ground model outputs in
retrieved source documents, confidence estimation techniques that identify low-certainty
generations requiring human review, and ensemble approaches that cross-validate
information across multiple sources. RAG systems demonstrate substantial reductions in
factual errors by constraining LLM generations to information present in trusted
procurement databases and document repositories, though retrieval quality and source
comprehensiveness limit effectiveness [88]. Confidence calibration methods attempt to
quantify uncertainty in LLM outputs by analyzing generation probabilities, token-level
variations, or consistency across multiple inference runs, enabling systems to flag uncertain
responses for human verification [89]. However, current confidence estimation techniques
show only moderate correlation with actual accuracy, particularly for complex reasoning
tasks common in procurement decisions [90].

Data privacy and security concerns pose significant barriers to LLM adoption in procurement
contexts where organizations handle competitively sensitive information about suppliers,
pricing negotiations, strategic sourcing plans, and proprietary business relationships. Cloud-
based LLM services that process organizational data on external infrastructure create risks of
information disclosure, unauthorized access, or inadvertent training on confidential inputs if
adequate safeguards are not implemented [91]. Many organizations express reluctance to
share detailed supplier performance data, contract terms, or internal evaluation criteria with
third-party LLM providers, even when contractual protections and technical controls purport
to prevent misuse [92]. The tension between leveraging powerful cloud-based models and
maintaining data sovereignty has motivated research into privacy-preserving techniques such
as federated learning, differential privacy, and on-premises deployment of smaller fine-tuned
models that provide acceptable performance without external data sharing [93].
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Integration with existing ERP systems and procurement platforms represents a practical
challenge that affects the operational viability of LLM-based tools, requiring sophisticated
data pipelines, APl development, and workflow redesign to embed Al capabilities into
established business processes. Legacy procurement systems typically employ structured
databases and rigid data schemas that do not naturally accommodate the unstructured text
processing and flexible interactions characteristic of LLM applications [94]. Organizations
must develop integration architectures that extract relevant data from ERP systems for LLM
processing, interpret model outputs into formats compatible with downstream systems, and
maintain synchronization between Al-generated insights and transactional records [95].
Research on integration patterns identifies challenges related to data quality, real-time
processing requirements, and change management as barriers that extend implementation
timelines and increase deployment costs [96].

Interpretability and explainability limitations constrain LLM adoption in procurement
contexts where stakeholders require transparent rationales for supplier selections, risk
assessments, and contracting decisions to satisfy accountability requirements and maintain
trust. The black-box nature of neural networks, where billions of parameters interact in
complex ways to produce outputs, makes it difficult to explain why specific recommendations
were generated or which input factors most influenced decisions [97]. Procurement
professionals need to justify supplier choices to internal stakeholders and sometimes external
auditors, requiring explanations that trace from recommendations back to supporting
evidence and decision logic [98]. Current explainability techniques such as attention
visualization, feature attribution, and example-based explanations provide partial insights but
fall short of the comprehensive causal explanations that decision-makers prefer [99].

Advances in mechanistic interpretability and chain-of-thought reasoning offer promising
directions for improving LLM transparency in procurement applications. Mechanistic
interpretability research aims to reverse-engineer neural network internals to understand
computational processes and identify specific circuits responsible for different capabilities,
potentially enabling verification that models employ appropriate reasoning for procurement
tasks [100]. Chain-of-thought prompting, which instructs models to articulate reasoning steps
before generating final answers, creates intermediate outputs that provide transparency into
decision processes and enable error detection [101]. Studies demonstrate that chain-of-
thought reasoning improves both accuracy and interpretability on complex procurement
problems such as multi-criteria supplier selection, though generating faithful explanations
that accurately reflect model computations rather than post-hoc rationalizations remains an
active research challenge [102].

The need for continuous learning and model updating presents operational challenges as
procurement environments evolve with new suppliers, changing market conditions, emerging
risks, and shifting organizational priorities. LLMs trained on historical data may not reflect
current realities, leading to outdated recommendations based on supplier relationships that
no longer exist, contract terms that have been renegotiated, or market dynamics that have
shifted [103]. Organizations must establish processes for regularly updating model
knowledge through incremental training on new data, implementing feedback loops that
incorporate procurement professional corrections, and monitoring performance degradation
as models age. Research on continual learning techniques explores methods for efficiently
updating LLM knowledge without catastrophic forgetting of previous training, though
balancing stability and adaptability remains difficult.

Workforce impacts and change management considerations emerge as critical factors
determining successful LLM adoption in procurement organizations, requiring attention to
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skill development, role evolution, and human-AI collaboration models. The introduction of
LLM-based decision support tools affects procurement professionals’ work by automating
routine analytical tasks, shifting emphasis toward strategic relationship management and
complex negotiations, and requiring new competencies in Al system oversight and prompt
engineering. Organizations report implementation challenges related to staff resistance to Al
adoption, skills gaps that limit effective tool utilization, and concerns about job displacement
that undermine engagement with new technologies. Research on effective change
management identifies the importance of involving procurement teams in tool design,
providing adequate training on LLM capabilities and limitations, and clearly communicating
how Al augments rather than replaces human expertise

Ethical considerations and bias mitigation represent ongoing challenges as LLMs may
perpetuate or amplify biases present in training data, potentially leading to unfair treatment
of suppliers based on characteristics such as geographic location, company size, or ownership
structure. Training corpora drawn from web content and historical business documents may
contain biases reflecting societal prejudices or past discriminatory practices that LLMs can
learn and reproduce in supplier evaluations or risk assessments. Procurement organizations
committed to supplier diversity and equitable treatment must implement bias detection and
mitigation strategies that identify and correct unfair patterns in LLM outputs. Techniques
such as adversarial debiasing, fairness constraints during fine-tuning, and human oversight of
decisions affecting underrepresented suppliers offer partial solutions, though defining
fairness in complex procurement contexts with legitimate business considerations remains
conceptually challenging.

Future research directions include developing procurement-specific foundation models
trained on domain corpora, creating standardized benchmarks for evaluating LLM
performance on procurement tasks, exploring multi-modal architectures that integrate
textual analysis with numerical data and visual information, and investigating collaborative
human-Al decision frameworks that optimize the division of labor between automated
systems and procurement professionals. Domain-specific foundation models could improve
performance on specialized procurement tasks while reducing risks of inappropriate
generalizations from general-purpose training. Standardized evaluation benchmarks would
enable systematic comparison of different LLM architectures and training approaches,
accelerating progress toward more capable procurement Al systems. Multi-modal integration
remains largely unexplored in procurement contexts despite the prevalence of information
sources combining text, tables, charts, and images that would benefit from unified processing.
Research on optimal human-Al collaboration patterns can identify which procurement
decisions benefit most from automation versus human judgment, informing deployment
strategies that maximize value while managing risks.

6. Conclusion

This review has examined the rapidly evolving landscape of LLM applications in procurement
and supplier selection, revealing both substantial opportunities and important challenges that
will shape future developments in this domain. LLMs represent a transformative technology
for procurement decision support, offering unprecedented capabilities in processing
unstructured information, synthesizing insights from diverse sources, and generating
recommendations that augment human expertise. The technical foundations of transformer
architectures, combined with massive-scale pre-training and domain adaptation techniques,
enable LLMs to perform sophisticated language understanding and reasoning tasks that
closely align with the cognitive demands of procurement professionals. Applications spanning
supplier risk assessment, contract analysis, proposal evaluation, market intelligence, and
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sustainability assessment demonstrate measurable improvements in processing efficiency,
analytical consistency, and decision quality when appropriately implemented.

However, successful deployment of LLMs in procurement contexts requires careful attention
to limitations including hallucination risks, data privacy concerns, integration complexities,
and interpretability challenges. Organizations must establish governance frameworks that
balance the benefits of Al-augmented decision-making with appropriate human oversight,
verification processes, and accountability mechanisms. The technical sophistication of LLMs
should not obscure the fundamental reality that procurement decisions involve judgment,
relationship management, and contextual understanding that extend beyond what current Al
systems can provide autonomously. Effective implementation approaches treat LLMs as
collaborative tools that enhance human capabilities rather than autonomous decision-makers,
creating human-Al partnerships that leverage the complementary strengths of each.

The research literature reveals substantial progress in LLM applications for procurement
while simultaneously highlighting important gaps requiring further investigation. Domain-
specific model development, bias mitigation techniques, explainability enhancements, and
optimal collaboration frameworks represent priority areas where additional research can
meaningfully advance the field. The procurement profession stands at an inflection point
where thoughtful adoption of LLM technologies can fundamentally enhance strategic sourcing
capabilities, risk management effectiveness, and supplier relationship quality. Organizations
that successfully navigate the technical and organizational challenges of LLM implementation
will gain competitive advantages through superior analytical capabilities and more informed
decision-making. As LLM architectures continue to evolve and procurement-specific
applications mature, the integration of these powerful tools into procurement workflows will
likely accelerate, making it essential for both researchers and practitioners to develop deep
understanding of their capabilities, limitations, and effective deployment strategies.
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