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Abstract

Procurement within the manufacturing sector has undergone 

fundamental transformation, driven by the convergence of 

globalization, digitalization, and competitive pressures. 

Traditional procurement approaches, while adequate in the 

past, are increasingly challenged by complexity, volatility, 

and the need for cost efficiency and agility. Big Data and 

Business Intelligence (BI) have emerged as pivotal enablers 

of procurement optimization, offering real-time insights, 

predictive analytics, and enhanced decision-making 

capabilities. This paper undertakes a comprehensive review 

of literature up to 2020, synthesizing how Big Data and BI 

tools have been conceptualized, applied, and evaluated in 

manufacturing procurement contexts. The study traces the 

evolution from conventional, transaction-focused 

procurement models to data-driven frameworks capable of 

handling large, diverse, and fast-moving datasets. It 

highlights how advanced analytics supports supplier 

evaluation, demand forecasting, risk management, cost 

control, and sustainability monitoring. By consolidating 

insights from multiple disciplines including supply chain 

management, information systems, and operations research 

this paper provides a structured foundation for 

understanding the potential and challenges of Big Data and 

BI in procurement optimization. The analysis underscores 

key issues of data quality, integration, organizational 

readiness, and cultural alignment, while identifying 

opportunities for future research and industrial practice. 
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1. Introduction 

Procurement has historically been recognized as a critical enabler of efficiency, competitiveness, and innovation in the 

manufacturing sector [1, 2]. It is through procurement processes that firms secure the raw materials, components, and services 

necessary for production and distribution. The manufacturing industry, characterized by complex supplier networks, 

fluctuating demand, and pressure for cost optimization, has long relied on procurement as a lever for operational and strategic 

performance [3, 4, 5]. However, the accelerating pace of globalization, rapid technological advances, and shifting consumer 

expectations have dramatically altered the procurement landscape. Traditional approaches, often based on limited information 

and transactional decision-making, are increasingly insufficient in meeting the dynamic demands of modern manufacturing 

environments [6, 7]. As such, firms are turning toward digital technologiesparticularly Big Data and Business Intelligence (BI)to 

achieve procurement optimization [8, 9]. 

Big Data refers to datasets of unprecedented volume, velocity, and variety, capable of being analyzed to generate actionable 

insights that transcend the limits of traditional data processing systems [10, 11]. Business Intelligence, by contrast, is a broader 

umbrella encompassing the methods, tools, and practices that transform raw data into meaningful and actionable information 

for strategic and operational decision-making [12, 13]. When integrated, Big Data and BI offer manufacturing procurement 

professionals the ability to collect, process, and analyze vast streams of structured and unstructured data from suppliers, 

markets, logistics providers, and internal operations. These capabilities not only reduce inefficiencies but also enable predictive
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forecasting, supplier risk monitoring, cost optimization, and 

sustainability alignment [14, 15]. For manufacturing firms 

operating in highly competitive and uncertain environments, 

leveraging these technologies is not merely a choice but a 

necessity for survival and growth. 

The significance of Big Data and BI in procurement 

becomes clearer when considered against the historical 

backdrop of procurement evolution. Initially regarded as a 

clerical function focused on transactional activities, 

procurement in the 20th century gradually transformed into 

a strategic function as firms realized its potential for cost 

savings and supplier relationship management [16, 17]. By the 

early 2000s, procurement became increasingly linked with 

supply chain integration, strategic sourcing, and risk 

management [18, 19]. Nevertheless, conventional procurement 

systems faced persistent challenges, including fragmented 

data, limited visibility, and reactive decision-making. With 

the rise of Industry 4.0 and the proliferation of digital 

technologies, procurement entered a new era in which Big 

Data analytics and BI tools are central to operational 

efficiency, agility, and resilience [20, 21]. 

A defining characteristic of manufacturing sector 

procurement is its reliance on a wide network of global 

suppliers. These networks are inherently vulnerable to 

disruptionswhether from economic instability, political 

tensions, pandemics, or natural disasters. Traditional 

procurement systems often lack the predictive and adaptive 

capacity to anticipate such shocks [22, 23]. Big Data analytics, 

by contrast, offers the ability to mine patterns, model risks, 

and provide foresight that enhances procurement resilience 
[24, 25]. For instance, predictive analytics can help firms 

anticipate supplier delays based on historical performance, 

weather data, and geopolitical developments, enabling 

proactive adjustments to procurement strategies [26, 27]. BI 

tools further support decision-making by presenting data in 

accessible formats through dashboards, visualizations, and 

scenario analyses, ensuring that procurement managers have 

real-time visibility into complex supply ecosystems [28]. 

The application of Big Data and BI in procurement extends 

beyond risk management into supplier evaluation and 

selection. Supplier performance has traditionally been 

assessed based on criteria such as cost, quality, and delivery 

reliability. However, modern manufacturing procurement 

requires more comprehensive evaluations that include 

sustainability, innovation capacity, and resilience [29]. Big 

Data facilitates such multidimensional evaluations by 

integrating data from diverse sources, including 

performance records, third-party audits, social media, and 

even satellite monitoring [30]. BI systems then aggregate and 

present these metrics, allowing procurement managers to 

make informed supplier choices aligned with organizational 

priorities [31]. This evolution reflects a broader trend toward 

data-driven procurement, where decisions are grounded in 

evidence rather than intuition or limited datasets [32]. 

Another crucial area where Big Data and BI have reshaped 

manufacturing procurement is demand forecasting. Accurate 

forecasting is vital to ensuring the timely availability of raw 

materials, minimizing inventory costs, and avoiding 

production disruptions. Traditional forecasting models often 

relied on historical sales data, which proved inadequate in 

volatile markets [33]. Big Data allows for the integration of 

real-time market signals, consumer behavior patterns, and 

macroeconomic indicators, leading to more accurate and 

responsive forecasts [34, 35]. When combined with BI, such 

forecasts can be seamlessly communicated across 

procurement, production, and logistics teams, ensuring 

alignment and reducing the bullwhip effect in supply chains 
[36, 37]. Thus, Big Data and BI jointly improve procurement 

efficiency by minimizing waste, lowering costs, and 

enhancing production continuity. 

Cost optimization remains one of the primary objectives of 

procurement. Big Data supports this goal by enabling firms 

to conduct detailed spend analyses, identify cost-saving 

opportunities, and negotiate better supplier contracts [38, 39]. 

BI tools, meanwhile, transform procurement data into 

dashboards that track spending patterns, highlight 

inefficiencies, and benchmark performance against industry 

standards. Together, these technologies empower firms to 

pursue strategic cost management rather than reactive price 

negotiation. Moreover, the ability to analyze large datasets 

enhances transparency and accountability in procurement 

practices, reducing risks of fraud, maverick spending, and 

non-compliance [40, 41]. In sectors such as automotive or 

electronics, where procurement costs constitute a significant 

portion of total costs, such optimization can provide a 

critical competitive edge [42, 43]. 

Beyond cost and efficiency, the integration of Big Data and 

BI into procurement practices also supports sustainability 

and compliance objectives. Manufacturing firms are 

increasingly held accountable by stakeholders for the 

environmental and social impacts of their supply chains. Big 

Data analytics enables tracking of suppliers’ sustainability 

practices through diverse data sources, such as energy 

usage, emissions, and labor conditions [44, 45]. BI systems 

then consolidate these insights, allowing procurement 

managers to ensure compliance with regulatory 

requirements and align procurement practices with corporate 

sustainability goals [46, 47]. This shift demonstrates that 

procurement optimization is not solely about reducing costs 

but also about creating value through responsible and 

transparent practices [48, 49]. 

Despite the transformative potential of Big Data and BI, 

significant challenges remain. Data quality, availability, and 

integration are persistent issues in procurement systems [50]. 

Manufacturing firms often face data silos across 

departments and suppliers, hindering the seamless flow of 

information. Additionally, implementing advanced analytics 

requires substantial investments in infrastructure, skilled 

personnel, and organizational change management [51, 52]. 

Cultural resistance within procurement teams, where 

traditional decision-making norms may dominate, also 

impedes adoption. Furthermore, while Big Data promises 

predictive insights, overreliance on automated systems risks 

sidelining human judgment and contextual knowledge, 

which remain vital in complex procurement environments 
[53, 54]. These challenges underscore that technological 

adoption must be accompanied by organizational readiness 

and cultural transformation. 

From a theoretical standpoint, the integration of Big Data 

and BI into procurement aligns with several conceptual 

frameworks. Resource-based theory suggests that firms 

leveraging superior information-processing capabilities can 

achieve competitive advantage [55, 56]. Transaction cost 

economics highlights how data-driven procurement reduces 

information asymmetry and opportunism in supplier 

relationships. Institutional theory emphasizes how 

regulatory and stakeholder pressures drive the adoption of 

sustainable procurement practices supported by analytics. 
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These perspectives underscore that the adoption of Big Data 

and BI in procurement is not only a technological shift but 

also a strategic and institutional imperative [57]. 

In sum, the introduction of Big Data and Business 

Intelligence has fundamentally redefined procurement 

optimization in the manufacturing sector. By enabling 

predictive forecasting, comprehensive supplier evaluation, 

cost optimization, risk management, and sustainability 

monitoring, these technologies provide firms with 

unprecedented capabilities to navigate complexity and 

uncertainty. Yet, their successful implementation requires 

overcoming challenges related to data quality, integration, 

organizational readiness, and human-technology balance. 

This paper, therefore, seeks to consolidate literature up to 

2020 on the application of Big Data and BI in procurement, 

with a particular emphasis on manufacturing contexts. The 

aim is to provide a structured foundation for understanding 

the methodological developments, practical applications, 

and theoretical underpinnings of these technologies in 

procurement optimization. 

The remainder of this paper is structured as follows. Section 

2 presents an extensive literature review, synthesizing prior 

studies on Big Data and BI in procurement. Section 3 

discusses the implications for manufacturing organizations, 

emphasizing challenges and opportunities. Section 4 

concludes with reflections and directions for future research. 

 

2. Literature Review 

The application of Big Data and Business Intelligence (BI) 

in procurement has been the subject of increasing scholarly 

and managerial attention, particularly in the context of the 

manufacturing sector. Procurement, as both an operational 

and strategic activity, relies heavily on the ability to gather, 

interpret, and act upon information. With the rise of digital 

technologies, the nature of procurement has shifted from 

reactive, transaction-driven processes to proactive, data-

driven systems capable of handling the complexity and 

dynamism of global supply chains [58, 59]. This literature 

review synthesizes the major strands of research up to 2020, 

tracing the intellectual evolution of Big Data and BI in 

procurement, the methodological approaches employed, the 

key thematic areas addressed, and the challenges and gaps 

identified. 

 

2.1 Evolution of Procurement Research toward Data-

Driven Models 

Procurement research initially centred on transactional 

efficiency, cost minimization, and supplier relationships, 

relying largely on managerial judgment and limited data 

sources [60, 61]. Over time, however, it became apparent that 

such approaches were insufficient for addressing the 

uncertainties of global manufacturing supply chains. Early 

studies highlighted the limitations of fragmented 

procurement information systems, which led to 

inefficiencies, duplication of efforts, and weak supplier 

coordination. By the late 2000s, the emergence of digital 

platforms and integrated enterprise resource planning (ERP) 

systems began to reshape procurement practices, creating 

the groundwork for data-driven decision-making [62, 63]. 

The introduction of Big Data analytics marked a turning 

point. Characterized by the “four Vs”—volume, velocity, 

variety, and veracity, Big Data provided procurement 

professionals with access to massive datasets from internal 

operations, suppliers, logistics partners, and external sources 

such as markets and social media. Concurrently, BI systems 

offered the tools to process, visualize, and interpret this data, 

turning raw information into actionable insights [64, 65]. As 

manufacturing firms embraced digitalization under the 

Industry 4.0 paradigm, procurement research increasingly 

turned toward understanding how Big Data and BI could 

optimize sourcing strategies, supplier evaluation, demand 

forecasting, and cost control [66]. 

 

2.2 Big Data in Procurement: Capabilities and 

Applications 

The literature identifies several key capabilities of Big Data 

that directly enhance procurement optimization. First, Big 

Data enables predictive analytics, allowing firms to 

anticipate demand fluctuations, supplier delays, and market 

shifts [67]. Predictive models based on machine learning and 

statistical techniques have been applied to procurement data 

to forecast material requirements, evaluate supplier risk, and 

optimize inventory policies. This represents a significant 

improvement over traditional forecasting methods, which 

were often reactive and based on limited historical data [68]. 

Second, Big Data supports supplier evaluation and 

monitoring. Procurement has historically relied on 

performance scorecards and subjective assessments to 

evaluate suppliers. By leveraging Big Data, organizations 

can integrate diverse datasetsranging from delivery 

performance records and financial health indicators to social 

media sentiment and sustainability reportsinto supplier 

evaluations [69]. This multidimensional perspective enhances 

transparency and reduces information asymmetry in supplier 

relationships. Furthermore, real-time monitoring capabilities 

allow procurement teams to track supplier compliance with 

contractual obligations, sustainability standards, and 

regulatory requirements [70]. 

Third, Big Data facilitates spend analysis and cost 

optimization. Research has shown that procurement costs 

constitute a significant portion of total manufacturing 

expenses, often exceeding 50% in sectors such as 

automotive and electronics. Big Data analytics enables 

detailed examination of spending patterns, identification of 

inefficiencies, and detection of maverick purchasing. When 

integrated with BI tools, this analysis supports strategic 

sourcing decisions, negotiation strategies, and supplier 

consolidation initiatives. The ability to benchmark 

procurement costs against industry peers further enhances 

competitive positioning [71]. 

Lastly, Big Data plays a critical role in risk management and 

resilience. Global supply chains are increasingly exposed to 

disruptions such as natural disasters, political instability, and 

pandemics. Big Data analytics allows organizations to 

model risks, simulate scenarios, and identify vulnerable 

nodes in supply chains [72, 73]. By incorporating external data 

sources such as weather forecasts, geopolitical risk 

assessments, and transportation data, procurement managers 

can proactively mitigate risks and enhance supply chain 

resilience. This risk-aware approach has been particularly 

emphasized in post-2010 literature, reflecting the growing 

vulnerability of global manufacturing networks. 

 

2.3 Business Intelligence: From Reporting to Strategic 

Insight 

While Big Data provides the raw material for analysis, BI 

systems are essential for transforming data into insights that 

can be readily used by procurement managers. Early BI 
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systems focused on reporting and descriptive analytics, 

offering static dashboards and basic visualization tools. 

However, as data sources and analytical capabilities 

expanded, BI evolved into a strategic function, providing 

diagnostic, predictive, and prescriptive insights [74, 75]. 

In procurement contexts, BI supports decision-making by 

consolidating data from ERP systems, supplier databases, 

and external sources into centralized platforms. Dashboards 

and visualization tools enable procurement managers to 

monitor key performance indicators (KPIs) such as supplier 

on-time delivery, defect rates, and contract compliance in 

real time. Beyond monitoring, advanced BI systems provide 

“what-if” scenario analysis, enabling procurement teams to 

evaluate the potential outcomes of sourcing decisions, 

supplier changes, or market fluctuations [76]. This analytical 

sophistication enhances procurement agility and 

responsiveness, aligning with the broader goals of 

manufacturing competitiveness. 

Moreover, BI supports collaborative decision-making by 

making procurement data accessible across organizational 

hierarchies. Procurement professionals, production 

managers, and senior executives can share a common 

understanding of procurement performance, reducing siloed 

decision-making and enhancing cross-functional integration 
[77]. This democratization of data reflects a key shift in 

procurement practices, where transparency and 

collaboration are increasingly valued alongside efficiency 
[78]. 

 

2.4 Integration of Big Data and BI in Manufacturing 

Procurement 

The integration of Big Data and BI represents a natural 

evolution in procurement research and practice. Studies 

have emphasized that Big Data alone does not guarantee 

better decisions unless it is effectively processed, 

interpreted, and applied through BI systems [79]. Conversely, 

BI systems without robust data inputs risk offering outdated 

or incomplete insights [26, 80]. Together, Big Data and BI 

provide a synergistic framework for procurement 

optimization. 

For instance, in supplier selection, Big Data enables the 

collection of diverse performance metrics, while BI tools 

aggregate and present these metrics in accessible dashboards 

for decision-making. In demand forecasting, Big Data 

models generate predictive insights, while BI systems 

communicate these forecasts to procurement and production 

teams in real time. Similarly, in risk management, Big Data 

provides the analytical power to detect vulnerabilities, while 

BI systems facilitate scenario planning and executive 

decision-making [81]. This integration underscores that the 

value of data-driven procurement lies not only in 

technological capabilities but also in the organizational 

capacity to interpret and act on insights. 

 

2.5 Sustainability and Compliance in Data-Driven 

Procurement 

One of the most significant trends in procurement research 

up to 2020 is the growing emphasis on sustainability and 

compliance. Manufacturing firms are increasingly held 

accountable for the environmental and social impacts of 

their supply chains, driven by regulatory requirements, 

stakeholder expectations, and corporate social responsibility 

commitments [82]. Big Data and BI have been applied to 

track supplier sustainability practices, monitor emissions, 

evaluate labor conditions, and ensure compliance with 

ethical standards. 

For example, data from suppliers’ energy usage, 

environmental audits, and social performance indicators can 

be integrated into procurement systems to assess compliance 

with sustainability criteria. BI dashboards then provide 

procurement managers with a consolidated view of supplier 

sustainability performance, enabling informed sourcing 

decisions aligned with corporate values. This approach 

reflects a shift from cost-based procurement optimization to 

value-based procurement, where long-term social and 

environmental impacts are incorporated into decision-

making. 

Nevertheless, the literature highlights challenges in this 

domain, particularly regarding the reliability and 

comparability of sustainability data across industries and 

regions [83]. While Big Data provides unprecedented access 

to information, inconsistencies in reporting standards and 

data availability hinder the development of universally 

applicable sustainability metrics. Scholars have therefore 

called for greater standardization and transparency in 

sustainability reporting to enhance the effectiveness of data-

driven procurement frameworks [84]. 

 

2.6 Challenges and Critiques 

Despite the promise of Big Data and BI in procurement 

optimization, several critiques recur in the literature. The 

first relates to data quality and integration. Manufacturing 

firms often operate with fragmented data systems across 

departments and suppliers, leading to challenges in data 

harmonization. Poor data quality, including inaccuracies and 

missing values, undermines the reliability of analytics [85]. 

The second critique concerns resource requirements. 

Implementing advanced analytics demands significant 

investments in infrastructure, skilled personnel, and change 

management. Small and medium-sized enterprises (SMEs), 

which constitute a substantial portion of manufacturing 

sectors worldwide, may lack the resources to adopt such 

systems [86]. This raises concerns about unequal access to the 

benefits of data-driven procurement and the risk of widening 

competitive disparities. 

The third critique relates to cultural and organizational 

resistance. Procurement professionals accustomed to 

intuition-based decision-making may resist reliance on data-

driven systems. Overreliance on analytics also risks 

sidelining tacit knowledge and contextual judgment, which 

remain vital in complex procurement environments [87]. 

Scholars emphasize the need for balanced approaches that 

integrate human expertise with data-driven insights. 

Lastly, there is the issue of data security and privacy. The 

increasing reliance on external and unstructured data sources 

raises concerns about cybersecurity, intellectual property 

protection, and compliance with data privacy regulations. 

These issues must be addressed for firms to fully realize the 

benefits of Big Data and BI in procurement [88]. 

 

2.7 Synthesis of Trends up to 2020 

Synthesizing the literature reveals several key trends by 

2020. First, there is a clear trajectory from transaction-

focused procurement to strategic, data-driven models 

enabled by Big Data and BI. Second, predictive analytics, 

supplier evaluation, cost optimization, and risk management 

emerge as the core domains of application. Third, 

sustainability and compliance have become indispensable 
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dimensions of procurement optimization, though data-

related challenges remain. Fourth, persistent issues of data 

quality, integration, organizational readiness, and cultural 

alignment constrain adoption. These findings suggest that 

while Big Data and BI hold transformative potential for 

procurement in manufacturing, their successful 

implementation requires not only technological capability 

but also organizational adaptation, governance, and cultural 

change. 

In conclusion, the literature demonstrates that Big Data and 

BI are reshaping manufacturing procurement into a more 

predictive, resilient, and value-driven function. Yet, the 

journey toward comprehensive adoption remains ongoing, 

with unresolved challenges offering fertile ground for future 

research. By consolidating contributions up to 2020, this 

review establishes a foundation for examining the 

implications of data-driven procurement for manufacturing 

competitiveness, sustainability, and resilience. 

 

3. Discussion and Implications 

The review of literature underscores that Big Data and 

Business Intelligence (BI) are not incremental enhancements 

to manufacturing procurement, but rather transformative 

forces that redefine the very nature of decision-making, 

competitiveness, and supply chain management. While prior 

procurement practices were dominated by transactional 

efficiency and cost minimization, the convergence of Big 

Data and BI has shifted the focus toward resilience, 

predictive capability, and value creation. This 

transformation has multiple implications for both theory and 

practice. 

From a strategic perspective, procurement has evolved into a 

critical enabler of organizational agility and 

competitiveness. By leveraging Big Data, firms can detect 

early warning signals from suppliers, markets, and external 

environments, thereby gaining foresight that supports 

proactive decision-making. BI systems further ensure that 

these insights are disseminated across organizational 

hierarchies, creating shared situational awareness and 

enabling coordinated responses [89, 90, 91]. For manufacturing 

firms, this means procurement is no longer a reactive cost 

center but a driver of strategic advantage, capable of shaping 

production continuity, market responsiveness, and long-term 

innovation. 

Another major implication concerns supplier relationships 

and collaboration. Traditional supplier evaluation 

frameworks often emphasized cost and quality, overlooking 

relational dimensions such as trust, innovation capacity, and 

sustainability. With Big Data and BI, organizations can now 

incorporate multidimensional performance metrics, 

integrating operational, financial, social, and environmental 

data into supplier assessments. This broader perspective 

encourages firms to engage with suppliers as strategic 

partners rather than transactional entities. Practically, this 

implies that supplier collaboration can be enhanced through 

transparent data sharing, joint forecasting, and aligned 

sustainability goals [92]. 

At the operational level, Big Data and BI offer significant 

efficiency gains through improved demand forecasting, 

spend analysis, and risk management. Predictive models 

allow manufacturing firms to optimize inventory levels, 

avoid stockouts, and minimize excess holding costs. Spend 

analytics, supported by BI dashboards, highlight 

inefficiencies and support negotiation strategies, thereby 

delivering direct cost savings. Risk analytics enable 

procurement teams to map vulnerabilities across supplier 

networks and design contingency plans. These operational 

capabilities are particularly critical in volatile environments, 

where firms face disruptions ranging from raw material 

shortages to geopolitical crises [93]. 

The implications extend to sustainability and corporate 

responsibility, where Big Data and BI enable procurement 

managers to ensure compliance with ethical standards and 

regulatory requirements. In an era of heightened stakeholder 

scrutiny, the ability to track supplier emissions, labor 

practices, and community impacts enhances organizational 

legitimacy and stakeholder trust. However, the literature 

also highlights persistent challenges in ensuring data 

reliability and comparability across industries [94]. This 

suggests that firms must not only invest in analytics but also 

engage with broader institutional efforts to standardize 

sustainability metrics. 

From a theoretical standpoint, the adoption of Big Data and 

BI in procurement reinforces several conceptual 

frameworks. The resource-based view suggests that superior 

information-processing capabilities constitute strategic 

resources that provide firms with sustained competitive 

advantage [95]. The transaction cost economics perspective 

highlights how analytics reduces information asymmetry, 

thereby minimizing opportunism and transaction costs in 

supplier relationships. Meanwhile, institutional theory 

emphasizes how regulatory and societal pressures shape 

procurement practices, driving the integration of 

sustainability metrics into data-driven frameworks [96]. 

These theoretical perspectives underscore that procurement 

optimization is not only a technological shift but also a 

socio-organizational phenomenon shaped by institutional, 

strategic, and relational forces. 

Despite the promise of Big Data and BI, the literature 

emphasizes the importance of organizational readiness and 

cultural transformation. Advanced analytics requires not 

only technological infrastructure but also skilled personnel 

and an organizational culture receptive to data-driven 

decision-making. Resistance to change among procurement 

professionals accustomed to intuition-based practices can 

impede adoption. Moreover, overreliance on automated 

analytics risks sidelining tacit knowledge and contextual 

judgment, which remain essential in complex procurement 

environments. This implies that organizations must balance 

technological adoption with investments in training, change 

management, and human-technology integration [97]. 

Finally, the discussion raises concerns regarding data 

governance, security, and ethics. Procurement increasingly 

relies on diverse external data sources, raising issues of 

cybersecurity, intellectual property protection, and 

compliance with privacy regulations. Breaches or misuse of 

procurement data can undermine trust and create 

reputational risks. Thus, organizations must develop robust 

governance frameworks that ensure data integrity, security, 

and ethical use [98]. Addressing these issues is essential for 

the sustainable adoption of Big Data and BI in procurement. 

In summary, the integration of Big Data and BI into 

procurement practices in the manufacturing sector has far-

reaching implications across strategic, operational, 

relational, and institutional dimensions. While these 

technologies offer significant opportunities for optimization, 

their effective adoption requires careful attention to 

organizational readiness, sustainability challenges, and data 
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governance. For researchers, these insights highlight the 

need for more integrative frameworks that combine 

technological, organizational, and institutional perspectives. 

For practitioners, they underscore the importance of aligning 

analytics initiatives with strategic objectives, cultural 

transformation, and ethical governance. 

 

4. Conclusion 

This paper has undertaken a comprehensive review of the 

literature on the use of Big Data and Business Intelligence 

for procurement optimization in the manufacturing sector, 

focusing on contributions published up to 2020. The 

analysis demonstrates a clear trajectory of evolution from 

transactional, cost-focused procurement practices to 

strategic, data-driven models characterized by predictive, 

multidimensional, and value-based decision-making [99, 100]. 

The findings highlight that Big Data provides procurement 

managers with unprecedented capabilities to collect, 

process, and analyze vast datasets from diverse sources, 

while BI tools transform these datasets into actionable 

insights through visualization, dashboards, and scenario 

analysis. Together, these technologies enhance supplier 

evaluation, demand forecasting, spend analysis, risk 

management, and sustainability compliance. As such, Big 

Data and BI not only improve operational efficiency but also 

position procurement as a strategic function central to 

competitiveness and resilience [101]. 

At the same time, the review underscores persistent 

challenges. Data quality, availability, and integration remain 

critical barriers, while resource constraints hinder adoption, 

particularly among small and medium-sized enterprises. 

Organizational resistance to cultural change, as well as risks 

of data overload and overreliance on automation, further 

complicate implementation. Moreover, issues of 

cybersecurity, privacy, and ethical governance present 

ongoing risks that must be addressed for the sustainable 

integration of analytics into procurement [102]. 

For practitioners, the study implies that successful adoption 

of Big Data and BI in procurement requires a holistic 

approach that balances technological capability with 

organizational readiness, cultural transformation, and 

governance frameworks. Procurement leaders must not only 

invest in analytics infrastructure but also ensure that 

procurement teams are trained, aligned, and empowered to 

interpret and act upon data-driven insights. For scholars, the 

review identifies fertile areas for future research, including 

the standardization of sustainability metrics, the integration 

of human judgment with automated analytics, and the 

exploration of cross-disciplinary frameworks that bridge 

operations research, information systems, and organizational 

behavior [103]. 

In conclusion, the optimization of manufacturing 

procurement through Big Data and BI represents both a 

challenge and an opportunity. While technological 

capabilities provide firms with powerful tools for enhancing 

efficiency, resilience, and sustainability, the true potential of 

data-driven procurement lies in its integration with 

organizational strategies, cultures, and values. By 

consolidating contributions up to 2020, this paper provides a 

structured foundation for advancing both research and 

practice, offering pathways for organizations to harness the 

full potential of Big Data and BI in shaping the future of 

procurement. 
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