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Adoption of Artificial Intelligence within procurement nodes is gaining popularity in many 

industries as enterprises seek data-driven and intelligent mechanisms to optimize operations, 

enhance decision-making, and cater to evolving market demands. Despite this popular trend, 

the strategic and tactical drivers that encourage AI adoption, as well as the practical barriers 

and limitations faced by organizations, remain underexplored, particularly in the Finnish 

business landscape. The main target of this research is to fill this gap by analyzing AI project 

deployments within Finnish enterprises from a management perspective.   

A qualitative approach is used in this study, where structured interviews were conducted 

with sourcing and procurement professionals from various industries in Finland. Thematic 

coding was the analysis method, and NVivo analytical tool was used to understand the key 

drivers that drive the AI adoption and barriers which limit the project speeds and the impact, 

AI has on performance metrices from a management perspective. This research identified 

technological, organizational and environmental drivers and challengers for AI adoption 

within procurement domain in Finnish. When it comes to drivers, research has found out 

main technical drivers to be advanced AI driven demand forecasting, robust and mature ERP 
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system foundations, comprehensive data availability and analytics, automation of repetitive 

tasks and intelligent risk identification & classification. Organizational drivers centered on 

cross functional team setup, involvement through pilot projects, supportive but cautious 

leadership, kaizen and data driven decision making and success stories. External drivers 

comprised of competitor pressure, customer pressure, sustainability reporting requirements 

and regulatory scrutiny. 

Further the research brought in insights regarding barriers which hold the AI adoption in 

procurement domain in Finnish enterprises. Technical barriers include data quality and data 

consistency, system integration and level of user-friendliness of the applications. Mainly 

highlighted organizational barriers include change resistance and trust, skill gap and 

insufficient training, skepticism on losing job and project workload. External barriers 

spanned data privacy and confidentiality concerns, digital maturity of suppliers and vendor 

driven scope volatility.  

 In addition, the research shed light on supplementary nature of AI on traditional 

performance metrices like cycle time for procurement and routine orders, cost savings, 

quality KPIs, lead time, OTIF etc. and how AI has resulted in emerging performance 

metrices such as data completeness for critical items, AI recommendation validity rate, risk 

prediction accuracy and spend classification accuracy. 
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SYMBOLS AND ABBREVIATIONS  

AI Artificial Intelligence 

B2B  Business to Business 

CEO  Chief Executive Officer 

CoE  Center of Excellence 

CSRD  Corporate Sustainability Reporting Directive 

ERP  Enterprise Resource Planning 

ESG  Environmental, Social, and Governance 

ETL  Extract, Transform, and Load  

EU Europe Union 

GDPR  General Data Protection Regulation 

KPI  Key Performance Indicator 

ML  Machine Learning 

MRO Maintenance, Repair & Operations 

NLP  Natural Language Processing 

OEM  Original Equipment Manufacturer 

OTIF  On Time in Full 

P2P Procure to Pay  

PO Purchase Order 

PR  Purchase Requisition 

QA  Quality Assurance 

QC  Quality Control 

SRFA  Supplier Risk Forecast Accuracy 

SRM Supplier Relationship Management 

TOE  Technology – Organizational – Environmental 
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1  Introduction 

This section gives a brief overview of the research topic, the research motivation, and the 

significance of the study. Further, it highlights the research problems and the research 

objectives of the study. 

1.1  Research Motivation & Significance 

The rapid advancements in AI are influencing all major business functions, including 

procurement, and organizations are walking into an era where AI-driven procurements are 

not seen as a luxury but a necessity. In the last few decades, the procurement function has 

evolved significantly, shifting from a transactional and administrative role to a strategic one 

that emphasizes more on strategic sourcing, risk mitigation, supplier relationship 

management, and supply networks (Tassabehji & Moorhouse, 2008; Herold et al., 2022). 

This transformation has been influenced by a range of external and internal factors, including 

globalization, increased competition, and the growing need for value-driven procurement 

strategies that optimize costs and strengthen partnerships. Contemporary procurement 

processes focus on long-term value creation through digital integration, collaborative 

supplier relationships, and contributing to achieving corporate strategy.  

Organizations that are devoted to strategic and digitally driven procurement processes and 

procedures are in a better position to reduce total costs of ownership, enhance supplier 

collaboration, and adjust effectively to disruptions, making procurement a dynamic function 

for business continuity and sustainable business growth. (Patience Okpeke Paul et al., 2024). 

At the same time, advancements in digital technologies have resulted in vast amounts of 

structured and unstructured data arising from activities within the procurement process, 

paving the way for more informed and efficient decision-making (Handfield et al., 2019).    

The introduction of a digitalized landscape, going one step further, and driving into AI-

driven processes are increasingly growing in organizations' interests to remain competitive.  
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Artificial Intelligence integration into the procurement domain represents a transformative 

step towards more data-driven, agile, and strategic sourcing and procurement activities. 

Recent studies and published scholarly articles have highlighted that businesses are 

increasingly understanding the importance of AI-driven procurement as a strategic initiative. 

AI improves procurement efficiency of day-to-day tasks such as purchase order raising, 

supplier risk management, and invoice management through automation and thereby 

minimizes human errors and costly correctional approaches (Husein et al., 2024). This 

enables procurement managers and leaders to utilize advanced analytics to generate valuable 

insights from vast data sets. Through key functionalities like machine learning algorithms 

and predictive analytics, AI enhances the capabilities of businesses in areas like demand 

forecasting and supplier performance evaluation, which in turn facilitates proactive sourcing 

strategies (Olorunyomi Stephen Joel et al., 2024). Moreover, according to Abel Uzoka et al. 

(2024), AI-powered chatbots and cognitive agents result in streamlining communications 

with suppliers and provide procurement support to internal teams, thus resulting in enhanced 

user satisfaction. Risk mitigation is also supported through monitoring real-time data across 

procurement and supply chains, which helps to identify potential disruptions. Companies are 

becoming more and more aware that AI is not purely a supporting tool for automation but 

more of a strategic driver of procurement transformation, and a contributor to a company’s 

competitive advantage and building resilience in the supply chain. 

In the context of Finnish businesses, studies have emphasized that national innovation 

policies and digital maturity drive many businesses to utilize AI as a platform to transition 

into a more strategic, value-adding function, rather than a traditional, transactional 

procurement function (Business Finland, 2023). However, while these studies mostly stress 

the driving factors, it is important to study the challenges in integrating AI with legacy 

procurement systems and, most importantly, managing organizational resistance to change, 

which can deter the actual implementation of these technologies (Ledro et al., 2023). 

Further, recent literature has started to evaluate the evolution of procurement performance 

metrics as businesses implement AI-driven procurement processes. Traditional KPIs in the 

procurement domain, such as capex and opex cost savings as well as cycle time reduction, 

are being supplemented by tactical metrics like risk agility, supplier innovation, and 

sustainability compliance (Cooper, 2024). This transformation indicates a broader 

recognition among procurement managers and leaders, that the metrics for modern AI driven 
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procurement processes must go beyond operational improvements to also measure enhanced 

competitive differentiation and strategic alignment. Studies by Seyedghorban et al. (2020) 

and Ismaeil & Lalla (2024) further highlight that even though digital transformation is well-

thought-out and documented, there is a requirement and growing need for businesses to 

recalibrate performance metrics systems to incorporate these important and multifaceted 

outcomes. 

Despite these valuable insights generated by scholars, most of the existing research often 

focuses on a very broad standpoint on Industry 4.0 technologies, fading away to separate the 

exact driving factors, implementation roadblocks, and impact on performance metrics 

related to AI adoption in the procurement process. This generalization can mask important 

distinctions, especially for scholars and managers who must study and act at a deeper level 

for any insightful outcomes. Further, empirical studies that are done on the unique context 

of procurement processes of Finnish organizations are very scarce. This is a key gap 

identified in the existing literature where technological, cultural, and regulatory factors may 

specifically impact AI adoption. Subsequently, the present literature demonstrates a gap in 

recognizing how AI’s transformative potential is grasped in procurement processes and how 

performance measures need to progress to mirror both strategic and operational benefits and 

maintain the balance without shifting more towards one aspect. 

These identified gaps are addressed in this research by focusing on AI-driven procurement 

processes in Finnish organizations and studying them from the management perspective to 

identify the adoption driving factors, challenges, as well as evolving performance metrics. 

Through qualitative insights from procurement managers and leaders from Finnish 

enterprises, the study investigates the specific drivers for AI adoption, the challenges faced 

during the employment of AI, and the evolving performance metrics shifting from traditional 

measures specific to procurement processes. This targeted method and approach aim to 

produce a dynamic framework that not only explains the drivers and barriers of AI adoption 

in procurement but also indicates a roadmap for changing performance indicators, 

highlighting which key aspects need to be considered when defining performance metrics 

for AI-driven procurement processes. According to Na et al. (2023), the company's size has 

a larger influence on the adoption of new technologies. Compared to smaller firms, medium 

and large organizations have separate procurement functions as well as technical and 

financial resources to adopt AI solutions. Medium and large-scale organizations can provide 
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fresh perspectives on drivers and challenges apart from technical and financial resource 

constraints. Ultimately, the study contributes to enhancing academic literature and 

managerial practices through proposing actionable insights that are directly applicable to the 

exclusive context of Finnish enterprises. 

Even though research focuses on the procurement domain, it is expected that the findings 

are not applicable only to the procurement domain. It can apply to other business domains 

such as manufacturing, finance, and human resources. Company-wide transformation is 

occurring in AI adoption in procurement functions, and understanding the wide implications 

of these projects can provide extremely valuable lessons to other divisions that want to 

integrate AI into their operations and workflows. Further, even though this study focuses on 

medium and large-scale enterprises, the findings can also serve as a starting point for future 

research in adopting AI in business processes for small enterprises.  

1.2  Research Problem and Objectives 

The following research questions have been developed considering the factors discussed in 

prior sections and the context: 

1. What are the key drivers and challenges for large and medium-sized enterprises in Finland 

during AI adoption in procurement processes? 

2. How do AI technologies impact procurement performance metrics in Finnish 

organizations? 

Based on the above-mentioned research questions, the derived research objectives are as 

follows. 

● Identify key drivers and challengers for AI adoption in Finnish enterprises. 

To explore the key drivers and challenges that large and medium-sized enterprises in 

Finland face when adopting AI-driven procurement processes from the management 

perspective. This helps to understand how managers perceive AI adoption, its drivers, and 

the barriers they face in implementing AI in procurement. By identifying managerial 
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insights, this research can assist organizations in developing strategies to enhance AI 

adoption while addressing potential concerns. 

● To examine how AI technologies have impacted procurement performance metrics 

in Finnish enterprises.  

This assesses how effective existing performance metrics are when it comes to AI-adopted 

procurement processes, and which are becoming obsolete. This research investigates key 

performance indicators (KPIs) such as monetary savings, reliability of supplier service, and 

end-to-end procurement cycle times, etc., whether they are relevant in this context or what 

modifications are needed to measure AI-driven efficiencies. Further the research intends to 

identify the emerging performance metrices due to AI adoption within procurement 

processes. 

This study helps to elevate the theoretical knowledge on AI adoption in procurement domain 

through the theoretical model of Technology-Organization-Environmental (TOE) 

framework to mainly identify the key drivers and challenges faced by Finnish enterprises. 

TOE framework is popular among scholars to analyze technology adoption in various 

domains, but the application with a special focus on AI technology and procurement domain 

is limited specially in Finland or Nordic geographical region. In addition, this research 

further contributes to theoretical knowledge by analyzing how AI impacts traditional 

procurement performance metrices and emerging metrices in Finnish enterprises. This 

provides valuable insights about digitalized procurement environments which can be even 

extended to other regions. 
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2  Literature Review 

This section gives a brief overview of the studies done by scholars and the recent research 

findings. The section provides a general overview of academic insights into AI-driven 

procurement processes, with a special focus on the driving factors for adoption, challenges 

during implementation, and evolving performance measures from a management perspective 

in Finnish organizations. 

2.1  Procurement as a Crucial Business Function 

Historically, procurement has been defined as getting goods and services from external 

suppliers at a competitive price with the best possible quality standards and lead time 

(Chenini et al., 2021). Procurement as a function was historically seen as an administrative 

task but has progressed rapidly into a more strategic and critical business function to achieve 

a competitive advantage (Sjödin et al., 2023). This advancement refers to wider trends in 

organizational structures and global supply chains. However, some scholars highlight the 

inconsistency in the unique definition of procurement regarding the different roles it 

facilitates. For instance, Romeo Asa et al. (2023) highlights the role procurement plays in 

supplier relationship management and argue it must be included in defining procurement. In 

their study, Cousins et al. (2008) argue that the role procurement plays in combining the 

operational and strategic objectives of an organization must be given significance when 

defining procurement. Literature highlights discrepancies in defining procurement and thus 

the broader roles that it plays, with some emphasizing operational aspects and some giving 

more dominance to strategic perspectives. This divergence highlights the requirement for a 

unified definition that encompasses both operational and strategic dimensions that 

procurement has to offer through different activities like sourcing, evaluation, supplier 

relationship management, purchasing, and contract management. A critical examination of 

procurement literature is needed to reveal the diverse roles of procurement emphasized by 

various scholars and challenges, and transformative potential within organizations. 

Procurement is recognized as a driver of cost efficiency, innovation, and organizational 

resilience. According to Jama & Mohamud (2024), Organizations that incorporate 
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procurement into company strategy often achieve superior performance, not limited to 

operational benefits such as reduced lead times and enhanced product quality, but also to 

strategic perspectives such as improved supply chain resilience, reduced time to market, and 

organizational risk mitigation. Similarly, Ferri et al. (2016) highlight the importance of the 

procurement function in fostering sustainability and corporate social responsibility. Despite 

many benefits, many scholars argue that the strategic potential of procurement remains 

untapped in many business organizations. Procurement policies regularly highlight supplier 

partnerships and cost reduction initiatives, but the implementation is not successful due to 

insufficient resources and managerial commitments (Ferri et al., 2016). This underutilization 

acts as a barrier for the procurement function to facilitate long-term value, predominantly in 

terms of fostering strategic supplier relationships to drive collaborative growth. 

Moreover, what procurement as a business function has to offer to derive a competitive 

advantage is mostly constrained due to organizational silos and a lack of amalgamation with 

wider business objectives. As an example, it is observed that some procurement functions 

focus significantly on achieving savings targets, with less priority given to long-term value 

generation and thus missing valuable opportunities to achieve sustainable outcomes and 

enhance supplier performance, which in the long run helps organizations to achieve a 

resilient value chain (Loijas et al., 2024). 

2.2  Drivers for AI adoption in the procurement process 

Emerging digital technologies such as blockchain, artificial intelligence, robotic process 

automation (RPA), cloud computing, the Internet of Things (IoT), and predictive analytics 

are reshaping modern business processes, enhancing decision-making capabilities, driving 

efficiencies, and promoting innovation. As a core business function, procurement has not 

been different and resistant to these technological changes (van Hoek, 2024). Artificial 

intelligence is becoming a transformative force in the procurement domain, promising to 

redefine outdated procedures and generate innovative value-creating opportunities. 

The two key aspects that drive AI adoption in procurement are its potential to boost strategic 

decision-making and operational efficiency. AI technologies such as natural language 

processing, machine learning, and predictive analytics capabilities allow businesses to 

streamline workflows, automate routine tasks, and reduce procurement cycle times 
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(Alvarenga et al., 2023). Research by van Hoek (2024) supports these findings, emphasizing 

AI capabilities to forecast demand accurately and improve inventory management, thus 

reducing costs, providing accurate inputs for procurement processes, and enhancing supply 

chain resilience for unforeseen disruptions. 

A convincing motivation to introduce AI into procurement processes lies in its capabilities 

to enhance data-driven decision-making in aspects like negotiations, vendor selection 

processes, supplier performance management, etc. The end-to-end procurement process 

generates enormous amounts of data ranging from bid information and price movements to 

industry market trends. The capability to analyze these data sets through various analytical 

algorithms and use the insights when conducting procurement activities has become an 

important differentiator in realizing competitive advantage. As stated by Guida et al. (2023), 

AI-enabled tools help teams to originate actionable insights from complex datasets, which 

facilitates better supplier selections, contract negotiations, and risk assessment. In addition, 

AI-based analytics tools can detect complex patterns and anomalies in market and price 

trends that will not go unnoticed by humans and help make procurement strategies more 

robust.  

Another important key driver for AI adoption in procurement is the organization’s pursuit 

of value creation and cost savings at the same time. Most of the traditional procurement 

practices focused on cost reductions in the short run at the expense of long-term value-

generation opportunities. AI, however, facilitates a more rounded approach by finding 

prospects for process optimization, supplier partnerships, and dynamic pricing. The study, 

which was done by Guida et al. (2023), highlights that AI-powered procurement tools 

successfully analyze complex historical purchasing data to optimize procurement spending 

and recommend cost-effective alternatives. Further AI-powered procurement tools can 

analyze industry and market data to suggest strategic suppliers who will contribute to 

innovative and sustainable practices, thus aligning procurement objectives with 

organizational objectives rather than simply working only on transactional cost-saving 

initiatives.  

Sustainability has also developed into a key consideration within procurement strategies, 

driving AI adoption in procurement processes. As stated by Stroumpoulis & Kopanaki 

(2022), AI-enabled procurement tools can analyze vendor compliance with environmental 

and social standards, assisting sustainable procurement practices. This will be crucial for 
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businesses with complicated supply chains, where maintaining accountability and 

transparency is significantly challenging. Many scholars argue that leveraging AI 

capabilities in procurement processes helps to build a sustainable and socially responsible 

supply chain while mitigating reputational risks linked with noncompliance, and this is a 

strong driver for AI adoption. 

Embedding AI in procurement processes is in line with the enhanced focus on resilience and 

agility in supply chains, which is a global hot topic. The COVID-19 pandemic highlighted 

the significance of being agile and adaptive when faced with disruptions and uncertainties. 

According to Kashem et al. (2023), AI-driven procurement tools can enhance supply chain 

agility by facilitating real-time monitoring of supply chain performance and proactively 

identifying potential disruptions. This is also seen as a major key driver for AI adoption 

within procurement processes. 

While there seem to be multiple studies on AI adoption within procurement and supply chain 

in general, it is noted that there is limited research focusing on unique drivers for Finnish 

enterprises for AI adoption. Due to Finland's distinct business environment and reputation 

for technological innovation, recognizing these drivers will generate valuable insights into 

regional variations in AI adoption. Addressing this literature gap would result in a better 

understanding of the multitude of roles that AI can play in procurement. 

The most commonly highlighted key drivers for AI adoption by scholars can be summarized 

as AI contributions for data driven strategic decision making throughout end to end 

procurement  process in different sections and operational efficiency improvements, demand 

forecast and inventory management efficiency improvements, value creation and cost 

savings through AI models, to improve transparency in achieving sustainability goals and 

the contribution to improve agility and resilience throughout supply chain nodes. 

2.3  Challenges for AI adoption in the procurement processes 

AI adoption in procurement can drive transformative changes, but a range of challenges can 

stall implementation. These barriers come from organizational, technical, and ethical 

dimensions, and these have been discussed regarding general new technologies and for 
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different countries and industrial segments. However, challenges faced by Finnish 

enterprises in AI adoption in procurement processes remain underexplored.  

One of the most critical barriers highlighted by scholars is issues with data quality and 

integration. AI-enabled procurement tools need to be fed with structured, high-quality data 

sets for actionable and accurate insights, yet it’s observable that some procurement functions 

often must deal with inconsistent and fragmented manual data sets (Iyad Unni Adewola 

Olaleye et al., 2024). Converting them to digital formats is significantly challenging due to 

the complexity of tasks as well as resource constraints. In the study conducted by Danach et 

al. (2024), it is highlighted that a lack of data governance throughout supply chains blocks 

AI's ability to generate actionable outputs. Aligning data protocols among a diverse supplier 

network can be significantly challenging and limit effective AI system deployment. The lack 

of standardized data formats in the procurement processes makes the integration challenges 

even worse. 

Many scholars have highlighted organizational resistance as a significant challenge for AI 

adoption. Changes in decision-making processes and workflows are often required when 

new AI-enabled procurement systems are introduced, and this leads to people's fear of job 

displacement. In their study, Danach et al. (2024) argued that this resistance is generated 

mainly due to a lack of understanding about the benefits that AI has to offer and a lack of 

structured change management frameworks. This resistance is significantly present in 

procurement functions with traditional practices and work models, making it harder to 

transition into AI-enabled procurement processes. However, Ivanov et al. (2019) argue that 

this resistance can be addressed by adopting a culture of trust and innovation within 

procurement teams and making them understand how AI systems can assist their tasks and, 

at the same time, make them understand that AI can't replace complex human judgment 

capabilities. 

Resource constraints also contribute to the complication of AI adoption within procurement 

processes. Significant human capital and financial costs must be invested to develop and 

maintain an AI-enabled system. As highlighted by Hangl et al. (2022), many businesses, 

mainly small and medium-scale enterprises, find it harder to cope with higher 

implementation costs, inclusive of hardware upgrades and acquiring personnel for AI 

systems. AI expertise, especially at system architecture levels, is scarce and places smaller 
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businesses at a disadvantage as they don’t have the financial capabilities to attract these in-

demand resources. (Hangl et al., 2022).  

Another perspective that can be seen as a challenge is ethical and regulatory concerns about 

AI-enabled systems. In the general context, AI systems are referred to as black box systems 

where users enter an input, and the system gives the output, but there is no transparency or 

visibility on how the output is derived. This raises issues on bias and accountability, which 

are key aspects in procurement decision-making. Park et al. (2024) argues that trust in AI 

systems is undermined due to this lack of transparency in the systems, specifically in areas 

like contract negotiations and supplier bid evaluations. Additionally, rigorous data privacy 

laws applicable to the European Union enforce considerable compliance obligations on 

businesses, further complicating AI adoption in the procurement process, as these systems 

need to comply with these regulatory standards. 

Despite the above-discussed comprehensions, current literature hasn’t dug deep into the 

challenges faced specifically by Finnish enterprises in AI adoption. Finland’s data privacy 

and ethical frameworks, as well as strong regulatory frameworks, are unique barriers for AI 

enablement within procurement systems. Moreover, Finnish businesses work in a vastly 

collaborative yet somewhat small market, where AI solutions scaling for procurement 

networks can be restricted. These context-specific gaps stress the necessity for further 

research to identify how Finnish businesses steer these challenges and how they mitigate 

implementation barriers in this unique environment.  

The most highlighted challenges by scholars for AI adoption in procurement domain can be 

summarized as data quality and integration, conversion of physical data sets to digital and 

machine-readable data, lack of data governance and standardized data formats, 

organizational resistance, human and financial resource constraints, ethical and regulatory 

practices and data privacy laws. 

2.4  Traditional Performance Metrics in the Procurement Process 

Performance metrices are any quantifiable indicators that are used to measure the success of 

business activities which is commonly referred as key performance indicators (KPI s) in 

business landscape (Velimirović et al., 2011). When it comes to procurement domain, 
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performance metrices refer to any indicators that is quantifiable and used to measure aspects 

like effectiveness, efficiency, and impact of end-to-end procurement activities. When it is 

successfully crafted, performance metrices are a powerful tool that can be used to identify 

how well procurement strategies are aligned and supporting broader organizational goals. 

But the effectiveness of these key performance indicators relies heavily upon data 

availability as without data availability any performance metric will not be able to provide 

any valuable insights. 

Traditional performance metrics in procurement domain have long been influential within 

the procurement domain in evaluating dimensions like cost-effectiveness, operational 

efficiency, supplier performance, and decision-making efficiency. However, a critical 

review of the literature reveals important debates among scholars concerning the sufficiency 

of performance metrics in addressing modern procurement processes. Nevertheless, it must 

be considered that these performance metrics provide a good foundation to evaluate the 

success of modern procurement activities, and further development is needed to cater to their 

limitations in adjusting to technological developments and robust business environments. 

Cost avoidance and reduction have been a prominent performance metric, which focuses on 

purchase price reductions and utilizing economies of scale. However, Raisbeck et al. (2010) 

argue that even though cost-based metrics have historically been popular in driving 

procurement decision-making, they tend to ignore broader strategic objectives such as risk 

management and supplier innovation. Further, Patrucco et al. (2016) highlight that 

emphasizing overly on cost metrics can result in a lack of collaboration and strained 

relationships with suppliers, which can have a detrimental impact on value creation by the 

company’s value chain. So, this points out that some traditional metrics can’t optimize 

procurement performance measurements to balance cost reductions and other strategic 

objectives. 

Supplier delivery performance is another widely used procurement performance metric, 

which assesses the reliability and timeliness of deliveries made by the supplier. This is an 

important metric to ensure efficient procurement & supply chain operations (Forslund & 

Jonsson, 2010). However, the scholars also argue that this metric is very much narrow-

focused, stating that it often fails to measure interruptions and resilience within supplier 

networks. In his study, Jääskeläinen (2018) states that it is important to consider delivery 

performance along with other metrics that measure supplier responsiveness and adaptability, 
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which in turn can be a measurement for supply chain resilience. This is very important, 

specifically in volatile industries and markets. These insights from scholars further highlight 

the inability of traditional performance metrics to measure a holistic view of supplier 

performance, which is a critical pillar in procurement operations. 

Transaction cost and cycle time have been traditional metrics to measure procurement 

efficiency. In their study, Komatina et al. (2019) state that these measures are very important 

to identify processes to streamline and to identify operational bottlenecks. However, the 

scholars also highlight the risks of overreliance on efficiency metrics as they ignore or 

overlook important qualitative characteristics like ethical considerations and stakeholder 

satisfaction. Further, Mutingi et al. (2014) also highlight that some efficiency-centric metrics 

may sometimes tend to focus on short-term gains, downsizing sustainable procurement 

practices. Many scholars also highlight the inconsistencies of traditional performance 

metrics to measure the impact of strategic contributions of procurement activities. In their 

study, Forslund & Jonsson (2010) state that traditional metrics mostly give over prominence 

to transactional value measurements and don’t reflect the evolving role of procurement as a 

strategic and value-adding business function, especially with the technological 

advancements taking place. 

Even though many scholars have researched procurement performance metrics, there is a 

notable gap regarding how traditional procurement metrics are applied in regional contexts 

and what the shortcomings are, notably in countries like Finland. Regional differences within 

cultural, ethical, and sustainable practices can present unique challenges to procurement 

performance matrices. So, further research is needed to identify how traditional performance 

metrics can be evolved to reflect strategic, sustainable, and ethical priorities in Finnish 

procurement processes. 

Most commonly discussed traditional procurement performance metrices by scholars can be 

summarized as cost avoidance and reduction, supplier delivery performances, supplier 

responsiveness and adaptability, transaction cost and cycle time, OTIF rates, contract 

coverage and compliance rates, supplier defect rates and purchase order accuracy among 

others.  
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2.5  Impact of AI on Traditional Performance Metrics in the Procurement Process 

The adoption of Artificial Intelligence (AI) in procurement has created major shifts in 

traditional performance metrics, generating new dimensions on how procurement success 

has to be measured. Scholars present both positive and negative perceptions of how AI can 

influence performance metrics in areas like supplier performance, cost efficiency, 

operational responsiveness, etc. While AI facilitates advanced data processing capabilities, 

it should be evaluated on whether these new developments lead to more meaningful and 

accurate performance metrics or if they only come up with new complications. 

One major shift in performance measurements can be observed in cost-efficiency metrics. 

Predominantly, cost avoidance, cost reduction, and total cost of ownership were used as 

performance metrics to measure cost efficiency. AI-driven procurement platforms leverage 

predictive analytics to forecast price fluctuations and optimize sourcing strategies (Mohsen, 

2023). However, some scholars state that AI overemphasizes algorithm-based cost savings, 

which may give less prominence to indirect cost-related factors such as hidden transaction 

expenses and supplier relationship costs (Cui et al., 2022) This disagreement raises alarms 

on whether AI-driven cost efficiency metrics facilitate a complete picture of procurement 

performance or just focus on short-term financial visibility. 

Supplier performance metrics have also evolved with AI being integrated into procurement 

processes. Previously, metrics were focused on aspects like adherence to quality standards, 

reliability of delivery, adherence to commercial contracts (Mahmoud El-Khouly et al., 

2024). AI-embedded procurement processes, which provide real-time tracking abilities and 

autonomous risk assessment tools, and these allow supplier performance evaluation with 

more accuracy (Cui et al., 2022) However, in his study Pal, (2023) states that even though 

AI improves quantitative assessments of supplier performance, it can de-prioritize many 

qualitative factors such as supplier’s innovative capacity and supplier flexibility, which are 

crucial for the long-term success of procurement processes. So, it highlights that algorithmic 

efficiencies provided by AI tools are not sufficient to measure supplier performance, and 

more innovative metrics, along with AI-driven metrics, are needed to fully capture the 

strategic contributions of suppliers.  
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Procurement effectiveness has been measured using Operational efficiency metrics, which 

traditionally captured transaction accuracy and procurement cycles. AI-embedded 

procurement processes and supply chain processes in general minimize manual intervention, 

which eventually reduces errors and improves transactional accuracy (Mohsen, 2023). 

However, some scholars argue that even though in most scenarios, AI-embedded systems 

increase operational efficiency, there might be inefficiencies created due to cybersecurity 

risks and training data errors (Mahmoud El-Khouly et al., 2024). This perspective confronts 

the general assumption that introducing AI into a process will inherently improve efficiency 

measurement and highlights the need for continuous validation of AI-based metrics. 

As AI reforms the performance measurement scope, many scholars request a more balanced 

approach that integrates AI-driven insights along with old evaluation metrics to maintain a 

more accurate and overall assessment of procurement activities. Irrespective of the global 

dialogue on AI’s influence on procurement performance metrics, research on its effect in 

procurement domains within Finnish businesses is limited. Finland is well known for their 

commitment to sustainable procurement practices and robust digital infrastructure, which 

provides a unique setup for AI-driven performance assessment (Hallikas et al., 2021). 

Nevertheless, only a few empirical studies are exploring Finnish businesses that successfully 

use AI-driven performance metrics. This gap underlines the requirement for further research 

to evaluate how procurement performance metrics can be enhanced with AI adoption in 

Finland. 

2.6  Evolving Performance Metrics for AI-driven Procurement Processes 

As discussed in the previous section, the introduction of artificial intelligence (AI) within 

the procurement domain demands a change in performance metrics beyond cost savings, 

operational efficiency, and supplier performance. Various scholars argue that AI-embedded 

procurement activities demand innovative and novel metrics to assess the effectiveness of 

automation, digital transformation, and the impact of predictive analytics (Delina & Macik, 

2023). However, existing literature highlights a gap for a unified framework for new 

performance indicators, dictating a critical review of anticipated alternatives. 

The accuracy of AI-driven decisions is another suggested metric that simply compares the 

precision of the system-made decisions against human judgment (Victor Ibukun Adebayo et 
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al., 2024). AI-based procurement platforms are praised for minimizing human biases and 

speeding up decision-making. However, some researchers highlight that AI can bring in 

different biases due to algorithmic biases and data inconsistencies. Because of this, it is 

suggested that metrics on the decision accuracy of the system should include a combined 

validation approach that considers AI-driven insights along with human judgment to 

eliminate biases and improve the reliability of procurement decisions (Hallikas et al., 2021). 

In these decision-making metrics, it is important to consider the fairness and transparency of 

procurement decisions. AI relies on large data sets, which can direct the decisions to be 

biased if the learning data sets have been biased. Choi et al. (2022) suggest that another 

aspect to consider is ethical AI performance, and it should be measured based on whether 

the AI platform complies with international procurement standards and fairness indices, 

which will ensure more objective procurement decision-making (Olorunshogo Benjamin 

Ogundipe et al., 2024).   

Another performance metric that is emerging for AI-driven procurement systems is supply 

chain adaptability in real-time, which measures how the system responds to demand 

fluctuation and disruption (Kim & Chai, 2017). AI-enabled procurement platforms facilitate 

faster reaction times and risk mitigation, but (Patel & Sambasivan, 2022) state that these 

real-time metrics must consider supply chain stability, ethical sourcing practices, and 

environmental goals. More balanced metrics will consider the combination of long-term 

supply chain resilience and short-term responsiveness.   

Another critical metric proposed for AI-enabled procurement systems is the capability for 

Predictive analytics. This measures how effectively the procurement platform forecasts the 

procurement requirements and how sourcing strategies are optimized to cater to the 

requirements (Hallikas et al., 2021). Even though AI-enabled procurement platforms help to 

predict market changes, Kim & Chai (2017) propose that the accuracy of the predictions 

should be benchmarked against prior procurement data to validate true performance 

improvement. This reinstates the requirement for a robust performance metric that 

progresses with the learning capabilities of the system. 

Another area emerging is AI-enabled sustainability optimizations in the procurement 

process. The ML algorithms analyze supplier sustainability ratings, carbon footprints of 

suppliers, and ethical compliance factors during the sourcing process. Even though AI 

algorithms help to find suppliers with low carbon footprints and sustainable practices, Kim 
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& Chai (2017) argue that these decisions are not transparent and fail to account for some 

hidden environmental costs when making supplier selections. However, a more thorough 

performance metric needs to consider product lifecycle-based assessment, as well as 

determining the effectiveness of sustainability optimization initiatives of AI-enabled 

procurement platforms. 

Despite popular advancements in AI and involvement within procurement and supply chain 

domains, research is scarce on performance metrics for AI-driven procurement processes. 

Finnish businesses, well known for initiatives in digital transformation, need to identify 

traditional metrics that may not be able to accurately measure the performance of AI-driven 

procurement processes. With unique regulatory and operating procedures in Finland, it is 

important to come up with a unique performance metric framework to cater to the business 

requirements of Finnish organizations, which is a research gap this study aims to address. 
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3  Theoretical Framework 

This section gives a brief overview of the theoretical framework that emphasizes the 

exploration into AI-driven procurement processes within Finnish organizations. It 

incorporates key concepts and models related to driving factors for technological adoption 

and implementation challenges.  This provides a vigorous foundation for the analysis of how 

AI can be successfully adopted into procurement practices. 

In previous research, scholars have used several adoption models to track down the pace of 

diffusion of any innovation namely Technology Acceptance Model (TAM), Theory of 

Reasoned Action (TRA), Theory of Planned Behavior (TPB), Innovation Diffusion theory 

(IDT), Resource Based View, Stage Model (SM) and technology-organization-environment 

(TOE) framework (Shakil et al., 2024). It is considered that rational choice models (e.g., 

TRA, TAM, and TPB) have limitations concerning utilitarianism, illusion of accumulated 

tradition, attitudinal, techno-centric predictions, and technological determinism (Al-Natour 

& Benbasat, 2009; Venkatesh et al., 2007). Hence, due to these limitations and the over-

focus on technological factors on adoption, the usage of these models in this research will 

not be the best suited to achieve the research objectives. 

It should be noted that TAM and TOE models specifically target technological acceptance 

and adoption compared to other models and are popular in many Information and 

technological systems studies that discuss end-user adoption within a wide organizational 

level. However, when it comes to TAM, it extensively focuses on the technological front, 

and scholars argue it undermines social and psychological parameters, which mainly limits 

its predictive and explanatory utilities and, because of that, needs to integrate with another 

framework (Awa, Baridam, et al., 2015). But when the TOE framework is considered, it is 

more holistic and industry-friendly and has been mostly used for IT and Technological 

adoption studies. It considers not only the organizational construct but also the 

environmental construct to give a holistic perspective for the study on adoption factors 

(Wang et al., 2010). 

The TOE framework embraces a broad range of related applications. In their study, Hashimy 

et al. (2023) studied blockchain adoption considering multiple constructs from technology 

(complexity, relative advantage), organization perspective (top management support, 
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organizational competency), and environmental perspective (competitor pressure). 

According to Tajudeen et al., (2018) TOE framework was used to identify the social media 

adoption to understand customer needs and improve public relations and found out 

technological constructs (relative advantage and compatibility), organizational constructs 

(entrepreneurial orientation and top management support), and environmental constructs 

(institutional pressure) were significant influencing factors. Another study used the TOE 

framework to successfully justify big data analytics adoption factors and value added 

towards achieving sustainability goals within the UK.  The investigation showed that 

technological constructs (technological complexity and perceived benefits), organizational 

constructs (IT infrastructure capabilities and organizational readiness), and environmental 

constructs (regulation, government policies, and competitive pressure) significantly drive 

big data analytics adoption (El-Haddadeh et al., 2021). So, there are many studies where the 

TOE framework has been successfully used to study the adoption factors for technological 

systems. The implementation of AI-driven procurement processes is shaped by a variety of 

driving factors and challenges within and outside of organizational and environmental 

contexts. This research employs the Technology-Organization-Environment (TOE) 

framework to analyze the drivers and challenges of Finnish enterprises' adoption of AI within 

procurement processes.  

The TOE framework was initially presented by Tornatzky to thoroughly explain behavioral 

purposes and the execution of innovation at a firm (Baker, 2012). The TOE theory simply 

explains how the interplay of technological, organizational, and environmental factors can 

influence AI adoption. 

● Technological Factors- Current technologies in use and new technologies relevant to 

the firm, Perceived usefulness of these technologies, the learning curve and the 

complexity of the technology, Assess the capabilities, limitations, and readiness of 

AI technologies for procurement applications, including automation, predictive 

analytics, and integration capabilities (Awa, Ojiabo, et al., 2015). 

● Organizational Factors- Focus on internal dynamics such as leadership support, 

organizational culture, resource availability, and workforce readiness to embrace AI-

driven changes. 
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● Environmental Factors- Evaluate external influences, including regulatory 

requirements, competitive pressures, and industry trends, which shape the adoption 

landscape for AI in Finnish enterprises. 
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4  Methodology 

Research methods can be defined as the building blocks upon which the scientific enterprise 

is built. They answer the most critical question of ‘How’ to build systematic knowledge. 

Research methods provide tools and techniques to perform research. Selecting the correct 

tools and techniques is highly important as it can have a major impact on the outcome of the 

research. Having the most suitable research method provides validity to the research 

conclusions and ensures the new knowledge generated from the research is soundly based 

(Walliman, 2010). Quantitative research methods are mainly used when the research 

question is addressed using factual data, where research variables are defined and isolated, 

and variables can be used to create hypotheses before the data collection process. On the 

other hand, qualitative research methods are used to explore perspective and meaning, and 

experience from the participants' standpoint (Frimodig & Torkkeli, 2013). 

Some popular techniques within qualitative research include ‘in-depth interviews, which 

focus on understanding an experience, event, or condition from a personal viewpoint, and 

‘semi-structured interviews’ to seek views from key informants on a focused topic to get an 

institutional perspective and background information. Some other techniques include ‘small 

group discussions’ to investigate attitudes, concepts of standardizing behavior, and ‘analysis 

of documents and texts’, which can be websites, media articles, diaries, or reports to learn 

about private or distributed knowledge (Hammarberg et al., 2016; Frimodig & Torkkeli, 

2017). The objective of the researcher would be to explain the events and experiences in 

detail within the research settings (Gohar et al., 2022). Generalization is not the main 

objective of the researcher and wants to keep the research approach flexible and provide the 

ability to change while the research progresses. Based on the research subject and discipline, 

the characteristics of various qualitative methods will change (Milena et al., 2008). 

4.1  Research Design 

Qualitative research design is used in this study, which is grounded in naturalistic analysis 

to explore and understand complex dynamics in a business domain. A main factor for 

selecting the research method is the suitability of the method to study a specific research 
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topic. It should be noted that there is no best method or method that fulfils all the criteria, 

but just the method that fulfils most of the criteria required for the type of study (Lewis, 

2015). Scholars highlight the effectiveness of qualitative research when exploring emerging 

or underexplored areas like AI usage within procurement, where a firm, hypothesis-driven 

approach would overlook many organizational, social, and behavioral elements. Interpretive 

and naturalistic paradigms focus on capturing everyday practices and lived experiences 

within real-world business domain contexts (Tashakkori & Teddlie, 2010). Qualitative 

methods have been used by scholars to understand how decision-makers in the procurement 

domain, internal stakeholders, and suppliers comprehend digital transformation and navigate 

its challenges. Researchers have used qualitative research methods to interpret the motives, 

meanings, and practices' impact on aspects like sourcing strategies, contract management, 

and supplier relationships.  

Supply chain and procurement domain research involves context-specific variables that play 

a significant role, such as supplier trust, corporate culture, and regulatory compliance. 

Qualitative research methods provide an opportunity for a deeper investigation of these 

influential elements. In literature, the most common qualitative approaches are 

phenomenology, ethnography, ethnomethodology, and grounded theory. Due to its 

capability of generating theory based on real-world data rather than predefined models, 

grounded theory stands out from the rest of the models. Glaser and Strauss developed the 

model in the 1960s and further adapted and incorporated their flavors by various scholars 

throughout the period. The specialty of the model is that it provides a systematic, yet very 

flexible method for developing theoretical insights via iterative coding, classification, and 

thematic analysis. This enables the researcher to identify various patterns and relationships 

evolving from the stakeholders' narratives, such as business leaders, sourcing managers, 

procurement specialists, etc., ensuring that the theories developed are grounded in real-world 

organizational practices and experiences (Chun Tie et al., 2019).  

In this study context, grounded theory enables a bottom-up perception of how procurement 

practices are evolving in response to digitalization and technological trends and dynamics. 

The inductive nature of the method supports the exploratory aim of recognizing critical 

success factors, challenges, and observations linked to technology adoption and procurement 

performance. Furthermore, grounded theory guarantees analytical objectivity by 

systematically arranging codes into higher-order categories and connecting them through 
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continuous comparison and theoretical sampling (Chun Tie et al., 2019). Eventually, this 

method specifies a robust foundation for a new theoretical framework that will cater to both 

academic and practical enhancements in procurement strategies across Finnish enterprises. 

4.2  Ground Theory Components 

The first component is theoretical sampling, which drives the study forward by allowing 

emerging insights to decide what or whom to examine subsequently in the process. So rather 

than having a fixed sample at the beginning, the process is initiated with some interviews 

and using documents to code and then analyze to answer which data could be best used to 

support or challenge the concept. Then we need to decide who needs to be the next 

participants who speak about the new issue, or another option would be to return to the earlier 

interviewees with a fresh set of questions. With time, this results in an expanded sampling 

frame where different interviewees talk about the same concepts or the same set of people 

giving their inputs on different phenomena, and the developing theory directs each 

recruitment decision of interviewees. 

Coding is the most important element of grounded theory, where it converts words and 

actions from the interviews into conceptual labels that disclose feelings, processes, or 

behaviors. During the early phase, researchers analyze every line of the transcript and 

sometimes even word for word, or even based on each incident, to assign descriptive labels 

or codes (Chametzky, 2016). These labels remain close to the actual data, which means there 

is no loss of meaning during translation into codes. After you have combined these open 

codes, the researcher moves to focused coding, where the aim is to identify the codes which 

occur very frequently or even to identify codes which have the highest analytical weight and 

turn them into tentative categories. As an example, some of those might look like “Impact 

on contract negotiation”, “Problem-solving impact”, etc. Focused codes serve as the building 

blocks for your emerging theory.  

In comparison to the method of restricting the literature review during the initial phases of 

the study, grounded theorists involve findings from the literature throughout the research. 

Published theories and findings are compared against each category as it takes shape, 

positioning the evolving explanations in conversation with the scholarly landscape. This 
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method of considering literature as an ongoing process will help to define where the work 

aligns in a broader academic landscape as well as to highlight unique contributions. 

In conclusion, grounded theory is a reflective and nonlinear approach. It is possible to cycle 

back to revisit collected data, even codes, memos, and literature, when new ideas emerge. 

This flexibility helps the analysis to be deeply rooted in real-world experiences and evidence. 

Combining systematic sampling, grounded coding, persistent comparison, delicate 

memoing, and in-depth engagement with existing literature helps to build a vigorous, 

convincing theory that truly reflects the phenomenon under study (Charmaz & Thornberg, 

2021). 

Finally, the intensity of the theory depends on the quality of the data collected, where richly 

detailed interviews and observations that capture participants' own views, full contexts, and 

the nuances beneath surface events will contribute to rich data and ultimately to more 

grounded insights.  

4.3  Data Collection Process 

In grounded theory research, interviews are the predominant techniques because they allow 

data collection, coding, and analysis to proceed. This helps because the evolving concepts 

drive whom to speak to and which questions to ask next. Intensive yet semi‐structured 

interviews offer the flexibility where participants’ responses are considered along with 

revisiting unclear points and take in interactive dialogue that results in rich and 

contextualized examples (Rubin & Rubin, 2005). By asking open‐ended questions and 

following up with targeted inquiries, researchers can explore participants’ experiences in 

depth while maintaining comparability across interviews, which is crucial for building 

robust, data‐driven theory (Gill et al., 2008). 

Targeted professionals from the business and procurement domains in Finnish medium to 

large organizations were contacted through LinkedIn and other professional networks, and 

close to 100 requests were made for a 30 to 40-minute interview and several follow-ups. 

With this approach we were able to get 7 successful interviews, averaging 40 minutes per 

interview, and 4 filled-in questionnaires. The overall response rate was close to 10%, and it 
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was agreed with the interviewees that anonymity would be protected. There were 4 

professionals who informed them that they don’t have any AI-related implementations 

within their organizations and stated they are not willing to take part in the interview. The 

industry-wise and designation-wise breakdown of the interviewees is as follows. 

Industry No of participants 

Pharmaceutical  2 

Industrial Machinery & Process Technologies 4 

Energy & Engineering Services 2 

Aviation 1 

Telecommunication 1 

Banking & Financial Services 1 

Table 1 – Respondent Industry Breakdown 

Designation Category No of participants 

Manager 4 

Senior Manager 2 

Head 2 

Director 3 

Table 2 – Respondent Designation Breakdown 

4.4  Data Analysis Process 

Refinement and preparation of the transcript data were the first step of the data analysis 

process. Assistance was obtained from AI tools for refining the transcripts and generating 

the initial draft, which was manually reviewed to ensure authenticity and accuracy of the 

data are protected. This step was essential and helped to have error-free transcripts, which 

were then uploaded to NVivo software for the next steps of the analysis. As explained in the 

previous paragraphs, the interview questionnaire was designed with 10 open-ended 

questions directly linked to the research questions and objectives and based on the theoretical 

framework to examine the drivers, challenges for AI-Driven Procurement in Finnish 

Enterprises, and how it impacts the performance measurement metrics. The questionnaire 
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was shared with the interviewees well in advance, so they could prepare well for the 

interview. 

The questions in the questionnaire are closely mapped with the research objectives as stated 

below, and in addition, each question has a main category under which the analysis is 

performed. 

Question 

No 

Question 
Research 

Objective 

Main 

Category 

01 What technology-related opportunities inspired your 

organization to explore or introduce AI applications into 

procurement processes? (As an example, integration with 

ERP, advanced analytics, data availability, etc.) 
To explore the 

key drivers and 

challenges that 

large and 

medium-sized 

enterprises in 

Finland face 

when adopting 

AI-driven 

procurement 

processes in 

large and 

medium-sized 

enterprises in 

Finland from 

the 

management 

perspective 

Technological 

Opportunities 

02 In what ways did your organization’s leadership style, 

internal culture, or structural setup drive the decision to 

invest in AI for procurement processes? Can you describe 

how this intent was conveyed throughout the company? 

Organizational 

Opportunities 

03 What external forces drove your decision to adopt AI 

applications within the procurement process? (As an 

example, factors like competitive pressure, regulatory 

trends, or customer demands, etc.) 

Other External 

Opportunities 

04 What technical barriers have you faced when 

implementing AI applications within procurement 

processes, and how did you attempt to overcome them? 

Technological 

Barriers 

05 Which internal factors proved or will prove most difficult 

during the AI rollout in procurement, and how did you 

attempt to overcome them? 

Organizational 

Barriers 

06 What external obstacles challenged or will challenge your 

AI adoption in procurement, and how did you attempt to 

overcome them? 

Other External 

Barriers 

07 Looking back over your AI implementation within the 

procurement domain, what would you do differently 

today, and why do you want to do it differently? 

Lessons 

Learnt 

08 How has AI affected or will affect classic procurement 

KPIs such as cost savings, cycle time, supplier lead-time, 

quality, or any other specific KPI s used in your 

company? 

To examine 

how AI 

technologies 

have impacted 

Traditional 

KPI Impact 
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09 How has AI changed or will change the way or the 

process your organization sets targets or benchmarks for 

procurement performance? 

traditional 

procurement 

performance 

metrics in 

Finnish 

enterprises 

Target Setting 

Process 

changes 

10 Since implementing AI within procurement processes, 

have you introduced new performance indicators, and 

how are these metrics defined 

Emerging 

KPIs 

Table 3 – Research Objective and Questionnaire Mapping 

After the refined and processed data scripts were imported to NVivo, each question was 

defined under a main category as stated under Table 3 and each of these categories was 

considered as a ‘Code’ within NVivo. The interview data were analyzed under 10 main 

codes. Since all respondents answered the same set of questions, each respondent's answer 

to a certain question was linked with the respective code. This helps to categorize and group 

all responses for a certain question under a single code, which will be further analyzed to 

identify emerging patterns or trends. The codes were considered carefully to ensure that they 

are aligned with the research questions and underlying objectives. The responses under each 

code were analyzed to identify the emerging themes. In their study on Consumer 

Perspectives on Apps for Bipolar Disorder Nicholas et al., (2017) uses a categorization of 

major themes and minor themes based on frequency of occurring where if a theme is present 

in more than 10% of all reviews it is considered as a major theme and if not a minor theme. 

A similar approach was used in this research where if a specific theme has an occurrence of 

equivalent or more than 4 among the responses, that theme is considered a major determinant 

under that specific code. The themes with fewer than a count of 4 responses is considered 

minor determinants Defining the themes accurately was crucial, and this was done in several 

rounds as they represent the critical factors to be considered within the defined code. 

4.5  Ethical Considerations 

The interviewees were informed that their identities are kept anonymous, and this was 

informed prior to the interview process. Anonymity is considered as a crucial element in the 

interview process, as it helps to get impartial and accurate responses to interview questions. 

In addition, it was informed to the interviewees that the organizational names kept 

anonymous and only aggregated industry information will be presented during the data 
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analysis and informed consent was obtained from all the participants This helped to mitigate 

the risk of manipulated responses and allowed the interviewees to respond freely and to 

collect individual ideas and perspectives more accurately. Further, no personal information 

was collected during the interview process as the researcher was not interested about the 

personal background of the employees. There was no requirement to collect information like 

age, gender, or any other personal data to gather their perspectives on the interview 

questions. The interviewees were clearly informed about the purpose of the research and 

were requested to notify the researcher if they wanted to acquire a copy of the thesis when 

the research was concluded. 
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5  Results  

This section presents the analysis and results of this research. It details the codes used under each 

research objective, which questions are linked to the code, and which themes are grouped under 

each specific code. Further, it illustrates which are the major determinants and minor determinants 

under each code based on the number of occurrences of themes. Themes with four or more 

responses are considered major determinants. Themes with fewer than four responses are 

considered minor determinants. Defining the themes accurately was crucial, and this was done in 

several rounds as they represent the critical factors to be considered within the defined code. 

5.1  Drivers for AI Adoption in Procurement 

In this section drivers for implementing AI-driven procurement processes in Finnish 

Enterprises were analyzed. The analysis was under 3 main sub-categories as per the TOE 

framework, namely technological driving factors, organizational driving factors and external 

driving factors. 

5.1.1  Technological driving factors for AI adoption in procurement 

Technological driving factors are crucial for successfully adopting AI within the 

procurement domain. In Finnish organizations, the maturity and readiness of digital 

infrastructure significantly influence the possibility of implementing and scaling AI 

solutions. In the literature, it is noted that many scholars have highlighted data system 

reliability, capabilities of system integration, and workflow capabilities as key technical 

drivers for the effective functioning of AI applications. If these technological drivers are not 

present, it will be a barrier to fully realizing the benefits of implementing AI solutions in the 

procurement domain. 

The respondents of this research provided insightful contributions about their perceptions on 

technological driving factors for the successful adoption of AI-driven procurement within 

Finnish enterprises. 
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Code – Technological Driving Factors for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Advanced AI-Driven Demand 

Forecasting 

8 AI-based Automated Query 

Handling 

3 

Robust, Mature ERP System 

Foundations 

6 AI-enabled Contract Creation 

& Management 

2 

Comprehensive Data 

Availability & Analytics 

5 Advanced Market Intelligence 

Aggregation  

2 

Automation of repetitive 

tasks 

4 Dynamic Spend Analytics & 

Optimization 

2 

Intelligent Risk Identification 

& Classification 

4 Scalable Data warehousing & 

ETL platforms 

1 

 
 Real-time Supply Chain 

Dashboards 

1 

  Automated Performance Trend 

Monitoring 

1 

  Predictive Maintenance & 

Asset Management 

1 

Table 4 – Technological Driving Factors  

The most prominent technological determinant for AI adoption, as per the respondents, is 

the integration of cutting-edge AI-driven models for demand forecasting. This capability has 

now moved far from being only a theoretical benefit to a measurable benefit, as revealed in 

the analysis. A clear example was from the respondents from the pharmaceutical industry, 

who emphasized measurable, reliable benefits.  

“Demand forecasting using AI tools seems useful, as an example, predicting when we need 

to do reordering a critical reagent or an ingredient, so we can eliminate last-minute rushes.” 
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In her study, Jones, (2025) stated demand forecasting through AI models as a key driver for 

AI deployments. This highlights the strategic value provided by AI-based demand 

forecasting models and the technical superiority of these models, which motivates 

companies to adopt AI. Specifically for industries like pharmaceuticals, where timely 

production and time to market rely heavily on the availability of critical materials. During 

the discussions, it was highlighted that they are currently using AI bots to populate planned 

production orders for a mid to long-term horizon based on simple parameters, and these are 

reviewed by the planners. They recognize that AI-based advanced models can enhance this 

process by allowing for more complex parameters in the planned production order creation 

process. The respondent from the aviation sector also sees technical superiority of the AI-

based demand forecasting models as a key technological driver for AI implementations due 

to its ability to predict spare parts stockouts, which can be costly for airlines. 

“We understood AI could help with that as an example to forecast, spare parts demand more 

precisely to prevent stockouts or too much excess inventory.” 

Respondents from industrial machinery & process technologies highlighted a strategically 

broader alignment exceeding the procurement domain.  

“AI models for demand forecasting are crucial for production scheduling, identifying 

patterns in spend amounts, and anticipating supplier risks before they happen.” 

This emphasizes how forecast models based on AI models go beyond procurement and 

logistics and consider areas like supplier engagement, risk management, etc., which are 

crucial for companies that rely on resilient supply chains. Considering a perspective on data 

centricity, the possibility of using intelligent algorithms on top of existing data sets makes 

AI deployments more attractive.  

“There was clear opportunity to use spend optimization algorithms and AI-driven demand 

forecasting models on top of these datasets.”  

This indicates that companies are becoming mature in using digital infrastructure to leverage 

existing procurement and ERP system data to derive AI-powered dynamic insights. AI-

driven demand forecasting and planning is considered a technological asset in the supply 

chain domain by many Finnish organizations, which drives the decision to invest in AI 

projects.  
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Having robust, mature ERP systems within the organization is viewed as a technological 

driver for many Finnish industries to implement AI applications, particularly in the 

procurement domain, as this will be the foundational infrastructure that AI applications will 

be built upon and integrated into. In his study (Yathiraju, 2022) stated how much of an 

important factor mature ERP systems and robust data flows are, for the success of AI 

implementation projects in organizations. The respondents from the pharmaceutical industry 

highlighted the challenge of deriving insights from these data sets due to siloed reporting 

and manual analysis.  

“I noticed that we had plenty of data in our ERP systems. These data sets included usage 

rates, orders, lead times etc., but it was very hard to recognize subtle patterns manually.”  

A very similar experience was shared by respondents from the energy and engineering sector 

who discussed massive amounts of data available in terms of maintenance schedules of 

critical components like turbines, usage of spare parts, and performance data of suppliers, 

but now, all are untapped data sets for critical insights.  

“I saw we had these comprehensive datasets available in ERP and other systems we used in 

the organization.” 

Finnish organizations are understanding the potential of AI tools and how these could utilize 

the existing data sets to bring in valuable insights at strategic and tactical levels. In the 

telecommunication industry, it was highlighted the difficulty in gaining timely and 

meaningful insights from available data sets through manual means. 

“The ERP system and P2P systems had lots of data, but manually spotting patterns and 

deriving insights like when we need to renegotiate or catching recurring order patterns 

across business units were not possible at the scale we wanted.”  

These insights are crucial for optimizing procurement operations and require AI-powered 

analytics engines to process and derive these insights at the required scales at required speed.  

Comprehensive data availability and data analytics are another major technological driver 

for AI deployment in Finnish enterprises, according to the respondents of the interviews. 

Respondents from industrial machinery and process technologies stated that AI 

enhancements incorporated with data analytics are the way forward for smarter procurement 

processes.  



 

  41 

 

  

AI capabilities in producing robust data analytics models have been a key technological 

driver for businesses to adopt AI applications within the procurement domain. 

“AI drew our attention mainly through information research capabilities and data analytics 

capabilities. The larger volumes of structured and unstructured data generated in 

procurement processes such as pricing trends over time, market intelligence data, supplier 

histories were too big to analyze manually.” 

Companies have identified and are investing in centralized infrastructure to collect 

procurement and other business division data. This centralized architecture is mandatory to 

introduce advanced data analytics, machine learning models, which will bring in insights 

from large data sets which was not possible through manual or basic analytics models. 

“In the last two years, our IT and analytics department gathered and centralized 

procurement operational data, historical spend information and supplier performance 

metrics, into a cloud-based data lake” 

In the telecommunications industry, it has been a challenge to derive meaningful patterns 

from existing data, and companies believe that AI-based models will help to identify patterns 

from these data sets and to support business decisions. 

“There were lot of data in our procurement and ERP systems. But using them and deriving 

insights were not happening as we didn’t have the correct tools to do it automatically. 

The next major determinant highlighted by the respondents is the automation of repetitive 

tasks.   Further it was noted that organizations don’t see AI-based solutions just as a cost 

reduction strategy, but also as a tool that will release procurement resources for strategic 

activities. 

In the pharmaceutical sector, it seems they intend to use AI-based applications to manage 

repetitive tasks such as vendor evaluations before vendor registrations.  

“Automating routine tasks, let's say basic inquiry handling through AI-based applications 

and initial vendor pre-screening appeared attractive and it would free up our team for more 

strategic tasks like supplier development.” 

This highlights a key trend that is emerging, which is AI-based solutions need to be 

rebranded as tools that would augment human intelligence against the common 

misconception that it will steal human jobs or replace human intelligence. The respondent 

from the banking and financial industry highlighted the possibility of using AI applications 
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in automating downstream activities of end-to-end procurement with tangible benefits. 

“We identified there is potential in automating some routine tasks like PR to PO conversions 

or even to manage basic supplier queries.” 

The ability to use AI-based applications in day-to-day operations, to flag any discrepancies, 

especially in routine activities, is another important use case highlighted by the respondent 

from the telecommunication industry. The technical convenience of connecting AI 

applications with different ERP systems through API s has been another technical driving 

factor for companies to invest in AI adoption within the procurement domain (Yang et al., 

2021).  

“Integration of AI with the ERP system we are using to automate some daily routine tasks 

like invoice matching or flagging anomalies in orders or procurement documents caught our 

attention.” 

This statement highlights how AI in combination with ERP infrastructure and maturity can 

provide businesses with exception handling and real-time monitoring, and if not for AI, 

would have to be done manually using several of procurement resources. 

The technical superiority of AI applications for Intelligent risk identification and 

classification has also been an important technological driver for AI adoption in the 

procurement domain for Finnish enterprises. 

In the pharmaceutical industry, it is crucial to identify any supply disruptions well in 

advance, as those have widespread consequences on the continuous production and supply 

of medicine and will have significant monetary implications. The capabilities of AI-based 

applications when it comes to intelligent risk identification based on existing data sets is 

crucial for organizations. 

“AI-driven warnings on quality concerns or delivery delay seemed a great opportunity to 

focus on. As an example, if the system can flag a risk before I come across that in an email 

from the supplier, I can act sooner.” 

This seems even more important in the aviation industry, and early warnings, especially of 

quality defects, can be a deal breaker, as any quality issues in aircraft can be quite devastating 

to the business. Further, the respondents from the industrial machinery and process 

technologies highlighted the importance of AI models to track supplier performance trends 

as a key driver for AI adoption in the procurement domain. 
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“Also, advanced analytics to notice worrying trends of supplier issue including delivery 

delays and quality defects, seemed valuable features. So, as I think AI based models for 

identifying patterns in supplier performance, opportunity to use AI for advanced analytics, 

, and even forecasting demand looked very promising “ 

Apart from these major technological determinants, which drive AI adoption in the 

procurement domain in Finnish enterprises, the respondents highlighted several other factors 

that will drive AI adoption, and some might be industry-specific factors as well. 

For the aviation industry and banking and financial industries, it seems capabilities of AI 

applications to manage contract creation and management seem a key technological driver 

for AI adoption.  

“Contract creation and management perspective on identifying risks, comparing terms, or 

flagging renewal windows using natural language processing seems very interesting.” 

5.1.2  Organizational driving factors for AI adoption in procurement  

Organizational driving factors are crucial for effective adoption of AI into procurement 

functions and for integration. Finnish companies rely heavily on internal dynamics such as 

commitment from the leadership, internal culture of the organization, technological vision, 

and employee attitude directly impact the depth and pace of AI implementation. Scholars 

have indicated that factors like a strong association between organizational goals and AI 

initiatives and an internal culture that supports continuous learning and innovation increase 

the chances of effective adoption of technologies. Furthermore, scholars highlight that cross-

functional collaboration, change management practices, and skill development programmers 

are organizational drivers for successful AI adoption within business domains like 

procurement and reduce negative tensions during the implementation phase (Dey et al., 

2024).  

Code – Organizational Driving Factors for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Cross-Functional Team Setup 6 Promoting Innovation 2 
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Involvement through Pilot 

Projects 
6 Try & Learn Culture 2 

Supportive but Cautious 

Leadership 
6 Structural Changes 2 

Kaizen and Data-Driven 

Decision Making 
4 

Leadership Drive on Digital 

Initiatives 
3 

Success Stories 4   

Table 5 – Organizational Driving Factors 

The establishment of cross-functional teams emerged as a recurring organizational driving 

factor for the implementation of AI within the procurement domain during the analysis. The 

collaborative cross-functional setup is a crucial factor for AI implementations, which ensures 

distinct perspectives and proficiency are being integrated into the innovation process well in 

advance (Rita Uchenna Attah et al., 2024). 

Most of the respondents highlighted the importance of involving key stakeholders from IT, 

procurement, finance, quality, operations, data analytics, and regulatory affairs to recognize 

specific AI use cases and evaluate feasibility. The respondents from the pharmaceutical 

industry stated that setting up cross-functional teams. 

“Cross-functional teams were formed inclusive of IT, procurement, regulatory and quality, 

to discuss and come up with possible use cases.” 

This highlights an important point of challenging organizational silos and to encourage co-

creation for AI implementation projects. Respondents from the industrial machinery and 

process engineering industry echoed a similar view, stressing for inclusive cross-functional 

forums and an open-door culture.  

“We have an open-door culture where we use forums to discuss pilots, and to share early 

results in town halls. We support and encourage cross-functional team formation and 

involvement from procurement, IT and data science professionals” 

 

This openness helps to align AI efforts with strategic business objectives and, at the same 

time, promotes transparency. Respondents from the aviation and energy industries 
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highlighted the importance of a more structured and process-driven approach for 

collaborations within cross-functional engagements.  

“We had joint meetings between procurement, maintenance, finance, and quality teams and 

this promoted open communication and idea sharing. We discussed lot of use cases, like 

supplier risk scoring or predictive demand for rotor components etc.   

This reflects on the importance of having a practical approach for AI-based implementations 

on domain-specific challenges. Further, based on the respondents from the 

telecommunication industry, it is important to drive cross-functional teams to proceed with 

pilot projects with measurable targets and then to decide whether to scale up. 

“Structurally, we established a cross-functional squad which brought together professionals 

from many teams like IT, procurement, finance, and data analytics to define the scopes for 

pilot projects. Organization culture promotes experimentation, but in controllable steps to 

try as a small pilot, measure success through agreed metrics and, then decide to scale.” 

This is an important point that reflects the importance of a fail-fast, learn fast mindset 

throughout the organization, which is crucial for AI projects in business domains 

(Berndtsson et al., 2020). Cross-functional teams are a perfect setup for joint decision 

making, knowledge sharing, and for risk mitigation strategies, especially for organizations 

at the early phases of AI implementations, where uncertainty is high. 

Another important organizational driver for AI adoption in Finnish organizations is the use 

of pilot projects to engage procurement and other team members iteratively to test AI 

solutions in a low-risk approach. Many respondents stated they use pilot projects 

intentionally to position these initiatives as inclusive and collaborative exercises. The 

respondents from industrial machinery and process engineering stated they use a planned 

and structured process where key stakeholders from procurement teams are asked to 

highlight pain points.  

“Highlight pain points where IT & technical teams can assist. We brought up this approach 

to our procurement & other business teams through townhall meetings and we asked them 

to suggest ideas for the pilot projects “ 

These category meetings were used as a platform to discuss domain specific pain points 

which were then stored as a list for potential AI pilots. Furthermore, these companies had 

dedicated small teams consisting of technical professionals who were helping to scope and 
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coordinate these projects, which indicates a well thought of process and mechanism to turn 

pain points into innovative AI pilot projects which will push for AI adoption from all layers 

of the organization.  

“We have a small digital team comprise of analysts attached to procurement division; they 

manage and coordinate pilots, where procurement team could propose ideas and they will 

help to scope it” 

The respondents from the Energy and engineering service industry mentioned a comparably 

similar participative culture where the top management promoted companywide 

involvement through workshops and internal communications.  

“Leadership used workshops and internal communication channels to signal the intent to 

explore AI and this encouraged teams to come forward with use cases “ 

Endorsement from top management motivates all layers of the organization to actively 

engage in ideas suitable for AI pilot projects (Brock & von Wangenheim, 2019). In the 

telecommunication industry, this seems to be a more structured, formalized process where 

the respondent's company had a digital initiatives forum, which was a committee that 

discussed the pros and cons of suggested AI pilot projects. This prompts employees to come 

up with more decisive and well thought of projects and compete rather than coming up with 

not much thought of vague ideas. 

“Top management set up a forum called digital initiatives forum where procurement and 

other business divisions could suggest concrete use cases rather than unclear ideas for 

digitalized AI projects” 

It was noted that in banking and financial industry, the departments had more autonomy to 

identify pain points. But these initiatives had to follow strict quality and data security 

standards. 

“We work in a more decentralized structure, where each unit is encouraged to find 

opportunities to improve efficiency, but we always ensure that any major innovation project 

like AI align with stringent quality and data privacy standards.” 

This indicates the importance of a culture that empowers employees and promotes an 

iterative problem-solving mechanism. The respondents overall agreed that pilot projects act 

as a key organizational promoter or driving factor for AI projects within the procurement 

domain.  
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Supportive but cautious leadership also emerged as a key driver within organizational factors 

to deploy AI solutions within the procurement domain in Finnish enterprises. This highlights 

the importance of a strategic yet measured and pragmatic organizational mindset. Even 

though AI is seen as a promoter for innovation and efficiency, the top management within 

Finnish enterprises is not going all in but following a more structured experimental approach 

and mitigating risks, also focusing on reliability and compliance. This was highlighted by 

(Douglas, 2024) in his study where he states vigilant and supportive leadership is more suited 

for technologically demanding projects. This is well summed up when respondents from the 

pharmaceutical industry stated our leadership is supportive but cautious towards AI solution 

implementations.  

“We have a supportive leadership for new developments, but they are very cautious as well, 

especially since we’re in pharma. Our leadership sees, AI pilot as tools to improve reliability 

and compliance, not just cost-cutting.” 

This focuses on an adaptive trend in many regulated industries where embracing AI and 

other digital transformation projects is only done if it can strengthen crucial governance 

policies and not at the cost of them.  A similar view was expressed by respondents from the 

aviation industry, which is another highly regulated industry, where it illustrates a 

performance-oriented mindset, but a risk-aware approach to ensure AI pilots show justifiable 

benefits and not just speculative ones. 

“Our leadership is usually cautious but supportive towards innovative projects, if it 

noticeably improves reliability, safety, or cost-efficiency.” 

Respondents from the energy and engineering services industry highlight the strategic 

leadership involved in AI adoption where innovation is considered a key element and 

supported, but integrated into the procurement and business processes, in a more methodical 

and structured approach.  

“Continuous improvement is a key value in our organizational culture and innovation is 

promoted by leadership, but they also take a well-planned and cautious approach.” 

Another emerging trend from the interviews respective to organizational drivers is Kaizen 

and data-driven decision making. This is rooted in the concept of continuous improvement 

thinking pattern and relying on data analytics. This can again have a close relationship with 

the previous theme discussed on iterative pilots and cross-functional collaborations. 
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Respondents from industrial machinery & process technologies highlight that AI integration 

into procurement or business domains should not be a sudden change but must be the next 

natural step of process optimization outcomes and analytical developments. AI 

implementations should not be seen as a sudden decision, but as the natural next step of 

ongoing digital transformation initiatives of the organization. 

“Our organization has strong roots and a culture of continuous improvements which is also 

commonly known as Kaizen and data-driven decision-making” 

In the telecommunication industry, it is always highlighted that leadership understands AI-

driven data models are a powerful driver for a data-driven decision-making culture, and the 

solutions are critically assessed, especially when the decisions taken based on those models’ 

impact procurement contracts, cost structures, and supplier reliability.  

“Our leadership encourages innovation given that is data driven and measurable but focus 

on balancing it with risk awareness.” 

In the bank and financial industry, based on the respondent’s comments, the approach seems 

a bit different as it encourages data-driven decision making and data literacy across teams at 

all levels, promoting innovation and organization-wide engagement with AI tools and 

nurturing shared accountability.  

“It wasn’t a press down from the top management, but more of a collaborative initiative that 

everyone participated to share in the vision of establishing a more data driven and 

responsive procurement function.” 

Among the Finnish enterprises and individuals interviewed also highlighted the role 

successful AI pilot projects play in quick adoption. Tangible outcomes of these successful 

projects act as a strong driver, which helps to take away doubts and strengthen the innovation 

culture, which will promote AI deployments.  

Respondents from industrial machinery & process technologies highlight the importance of 

a company culture where success stories of AI pilot projects are circulated among all 

colleagues and other departments. This information flow helps to develop an organizational 

environment that inspires each other and builds trust, where individuals are more motivated 

to try new developments like AI applications. Further, it helps to minimize the psychological 
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barrier to change where mentality is changed to see that AI is becoming a part of your day-

to-day work. 

“Our organization culture is like colleagues from other units share success stories   if one 

category goes for an AI pilot and receive successful results, other teams are informed about 

these projects and their success through the internal forum.”  

Further it was highlighted the importance of a bottom-up communication strategy through 

respected individuals and department-wise pilot project success to promote credibility rather 

than it is becoming a grand communication from the top management. This bottom-up 

communication approach helps the employees to feel these technological changes are 

employee-led and authentic, and don’t feel like an imposed change (Lisewski, 2004). 

“We communicated this shift not through grand announcements, but through internal 

champions and pilot projects that demonstrated value.” 

But in contrast, the respondent from aviation stated they follow a more top-down approach 

mainly to demonstrate technical values and to address resistance to change. They believe 

success stories not only build confidence in the employees in tangible benefits, but also 

minimize the fear that AI applications will result in job displacements. 

“Multiple communication channels used to convey the intent such as internal newsletters 

described pilot results. In his annual letter, our CEO referenced about AI projects within 

procurement domain. Organization also arranged ‘lunch & learn' sessions where our CoE 

members demoed AI tools for procurement teams in Finland. These constant messaging 

boosted the awareness among employees that procurement AI was not experimental, but 

very important to the company’s growth.” 

Irrespective of the communication channel, whether it's top down or bottom up, success 

stories act as a positive catalyst for AI adoption in the procurement domain in Finnish 

organizations.  

5.1.3  External Environmental driving factors for AI adoption in procurement  

In addition to internal technological drivers and organizational drivers, there can be many 

external forces or factors that can push for the successful adoption of AI in procurement 
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within Finnish organizations. Some common factors that scholars have previously identified 

are supply chain disruptions, evolving market expectations, competitor pressure, and 

regulatory scrutiny etc. 

Code – Other External Driving Factors for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Competitor Pressure 10 Market Volatility 3 

Customer Pressure 5 Partner Pressure 1 

Sustainability Reporting 

Requirement 
5   

Regulatory Scrutiny 4   

Table 6 – External/Environmental Driving Factors  

A prominent force identified in the analysis is competitor pressure, which almost all 

professionals highlighted who took part in the interviews as a key driver for AI technology 

adoption. Organizations are aware how their competitors as well as peers are using AI tools 

to improve procurement performance as well as business advantage and this creates a sense 

of urgency, and they want to keep pace with the competitors (Ahmed & Ahmed, 2024). The 

respondents from the pharmaceutical industry highlighted seeing competitors gain an 

advantage through AI deployments, which acted as a major catalyst to initiate discussions 

on innovative practices about how AI can be used for the company’s advantage. 

“Finally, when we see other Finnish companies and companies in Europe talk about 

successful AI project implementations in procurement and business domains, it made us 

think that we also start at least piloting few projects.” 

This highlights the impact peer comparisons and benchmarking have on companies, where 

even discussions from networks and industry forums can lead to AI and innovative 

technology-related adoption discussions. Further, this pressure is even greater for companies 

that operate in price-sensitive and highly competitive sectors. This can be to the extent that 

not adopting AI practices in certain business processes can become a liability, as stated by 

respondents from the industrial machinery & process technologies industry. 
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“We faced increasing competitive pressure from other aftermarket service providers and 

OEMs who were promoting shorter lead times and intelligent spare-parts fulfillment.”  

This indicates how the landscape is changing for certain Finnish organizations, where AI-

based tools within the procurement and supply chain domain are becoming a differentiator 

and not a luxury to have or a process improvement tool. Similar views were echoed by 

respondents from the telecommunications industry who highlighted the importance of AI 

solutions to stay competitive and agile.  

“Competitive pressure in telecommunication industry leads to cost optimization projects and 

agility is important and for this if we can better predict contract renewals or equipment 

needs it will help us to be more competitive.” 

It seems the perceived success of first adopters creates a ripple effect among Finnish 

industries, where even more traditional and cautious industries are looking into at least basic 

AI solution deployments to improve their processes and to be more competitive, simply 

because of the fear of being left behind. Similar thoughts were expressed by respondents 

from the energy and engineering services industry.  

“A definite factor is competitive pressure. In our industry managing cost to maintain 

affordability and agility in service we provide are, and our competitors are also starting to 

investigate AI solutions.” 

Banking and financial services industry respondents highlighted the impact of competitor 

pressure, especially from the technology-driven Fintech industry, on its decisions as well. 

“In our sector, external pressures are significant. For us, competitive pressure from both 

traditional financial institutions and emerging fintech companies pushed innovation.” 

Customer pressure is another important external driving factor for Finnish enterprises for AI 

adoption in procurement functions. In their study (Khin & Hung Kee, 2022) highlighted how 

customer pressure is shaping the digital transformation in industries as customers are 

becoming more demanding and digitalized. Many respondents highlighted that customer 

expectations are increasing in transparency, responsiveness, and value-added services, and 

to meet these requirements in scale and speed, organizations are pushed to invest in AI-based 

solutions. 
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For Finnish organizations, especially those that are operating in production-critical or 

service-intensive industries, customer expectations are on the rise, and customers expect 

seamless delivery performance and faster turnaround times. Respondents from industrial 

machinery and process technologies highlighted the importance of AI-based solutions as a 

tool to meet higher service level commitments in an operating environment that is highly 

dynamic.  

“We see AI has a mandatory capability rather than a nice to have feature to remain price 

competitive and to cater customer requirements more effectively” 

In the telecommunications industry, customer service expectations are on the rise, and 

contract renewals are becoming frequent. AI tools are becoming so important to keep 

customers retained and engaged.  

“Customers are pushing for more and more responsiveness and transparency and AI 

become a part of our road map to cater these requirements and to ensure we don’t lag behind 

those increasing demands.”  

This highlights how digitalized procurement capabilities act as a bridge connecting backend 

operations like procurement and customer-facing outcomes. In highly regulated and critical 

industries like energy and pharmaceuticals, AI is seen as a catalyst to ensure supply chain 

reliability, focusing on key departments like procurement and planning. Respondents from 

the pharmaceutical industry highlighted increasing pressure from customers to meet the 

service levels. 

“Our customers expect deliveries without delays. AI helps to forecast critical ingredients   

and reagent demand and then to maintain delivery commitments.” 

Similarly, compliance audits and customer audits were mentioned by professionals as 

additional driving factors that push enterprises to develop procurement systems by 

leveraging new technologies like AI. Further, it is a fact that B2B customers are becoming 

more tech-savvy, and they expect the supplier network also to operate with a high level of 

digital maturity. Respondents from industrial machinery and process technologies 

highlighted this stance.  

“Some of our bigger customers are integrating AI in their procurement and sales functions, 

and they are expecting similar or even more digital maturity from their vendors.”  
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Customer pressure is acting as a compliance driver and performance benchmark, which is 

encouraging Finnish enterprises to adopt AI in the procurement domain and other supply 

chain nodes, and this pushes all the players in the value chain to achieve AI readiness and to 

have an open mindset for technological transformation. 

Another influential driver that pushes Finnish enterprises toward AI is the increasing 

requirements and scrutiny on sustainability reporting. Stakeholder requirements and EU 

regulations push and drive for environmental accountability, transparency, and compliance, 

and thus, to cater to these stringent requirements, companies turn towards AI-based 

solutions. 

The EU corporate sustainability reporting directive (CSRD) and green public procurement 

standards are key regulatory frameworks that are frequently mentioned as catalysts. An 

important point is that these requirements require the companies to go beyond disclosing 

company-specific environmental performance, but to extend to their supplier base as well. 

Respondents from industrial machinery and process technologies highlighted these stringent 

requirements have made them rethink about AI project investments. 

“The EU’s very strict green public procurement guidelines and CSRD meant we needed real 

time and very detailed visibility into both Tier 1 and Tier 2 suppliers’ emissions profiles.”  

This is a good example of depth and increasing complexity of data sets that procurement 

divisions of Finnish organizations need to manage to comply with reporting standards. AI 

solutions are seen as the front runner to manage these complex data sets. Many participants 

highlighted that manual methods are not an option anymore to manage the granularity of 

ESG data required and the scale of data required for compliance.  

AI technologies have emerged as essential tools to handle this complexity. Several 

participants emphasized that manual methods are no longer viable for managing the scale 

and granularity of ESG data required for compliance.  

“Regulatory trends around environmental reporting and sustainability push us to analyze 

supplier carbon data or compliance records, which AI can help with.” 

Companies are looking at AI tools not only to analyze complex data sets, but also to monitor 

and collect information from public sources. A similar concept was highlighted by the 
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respondent from the Aviation industry, which is under high scrutiny for environmental 

pollution and thus has more requirements for transparency. 

“AI-models which has supplier-risk algorithms are skilled enough to scan public data 

sources for environmental, social, or governance (ESG) flags, which has become an external 

obligation.” 

Additionally, it is noted that the use case of AI for risk analysis and supplier classification 

has been frequently mentioned by the respondents. Respondents from energy and 

engineering services highlighted how AI can be used to classify suppliers based on ESG 

risks. 

“Sustainability reporting and regulatory requirements means working with big data and 

those AI models can assist in classifying suppliers by sustainability criteria with some flags, 

which will be a great use case.”  

Finnish organizations, especially for companies that operate in global markets, adopting AI 

in supply chain nodes, inclusive of procurement, is becoming an essential move to meet 

evolving and more stringent reporting standards of sustainability reporting and to maintain 

transparency, which in turn enhances competitiveness. 

In combination with the previous theme, regulatory scrutiny has also been identified as a 

critical driving force when it comes to AI adoption in the procurement domain in Finnish 

enterprises. Increasing expectations from regulatory authorities, especially in aspects like 

data privacy compliance, supply chain traceability, push organizations and procurement 

teams to explore AI-based solutions to cater to these complex requirements.  

The regulatory landscape is very strict in the pharmaceutical and aviation industries. The 

requirement for precise documentation of supplier assessments and relationships and real-

time oversight makes traditional manual approaches insufficient as the supply chains are 

becoming more and more global and data intensive. 

“In the aviation industry, regulatory scrutiny is very high, and authorities expect robust and 

consistent traceability and risk management practices for critical parts and suppliers to begin with.”  

Respondents from industrial machinery and process technology highlighted the requirement 

to analyze supplier networks and big data sets through AI-based technologies for efficient 
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use of resources and to cater to stringent transparency and audit requirements from 

authorities.  

“Regulatory requirements around operational traceability, environmental management 

practices and sustainability reporting guidelines push us to handle large datasets better 

where we believe AI can support in analyzing complex data sets and supplier networks for 

compliance with these requirements.” 

Respondents from the pharmaceutical industry highlighted the importance of AI-based 

technologies not only due to regulatory pressure, but also as an effective method to manage 

supplier screening and address risks well in advance.  

“Regulatory scrutiny is always high in pharma industry, and authorities expect us to manage 

and control supplier risks strictly, so studying large compliance datasets with AI based tools 

rather than doing it manually seemed very promising and will save us time.” 

In the telecommunications industry, procurement practices are also shaped by data privacy 

regulations. Telecommunication service providers work with many critical suppliers who 

will gain access to customer information, and it is highly important to screen these suppliers 

thoroughly and actively monitor the performance and robustness of data protection flows of 

the organization. AI will help minimize the burden of manual checks when dealing with 

external suppliers who in turn, has access to large and sensitive data sets.  

“Regulatory requirements with respect to data privacy and security required us to manage 

supplier compliance more thoroughly. We were doing these manually and able to use AI 

based tools to scan large compliance documents and being able to see identified risk factors 

will be a game changer.”  

Finnish organizations are seeing AI as a mandatory tool to enhance traceability, achieve 

compliance at scale, and to ensure procurement and business practices are aligned with 

evolving regulatory, reporting, and legal standards. In his study Zhang, (2023) proposes a 

framework of using AI models for product authenticity and traceability in global supply 

chains and it is becoming more popular throughout global supply chains.  
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5.1.4  TAKEAWAY – TOE driving factors for AI adoption in Procurement 

In this study, a key part of the first research objective is to find out the drivers for large and 

medium sized enterprises in Finland during AI adoption in procurement process. As stated 

in the methodology section the theoretical framework is used to structure the discussion with 

the respondents in TOE framework. Technological driving factors are crucial for 

successfully adopting AI within the procurement domain. As detailed out in the previous sub 

sections under Results and Analysis section the main technological drivers highlighted by 

the respondents were AI driven demand forecasting, robust and mature ERP system 

foundations, comprehensive data availability and analytics, automation of repetitive tasks as 

well as intelligent risk identification and classification capabilities. In addition to these main 

driving factors, other technological factors emphasized as influencers were AI based 

automated query handling, AI enabled contract creation and management, advanced market 

intelligence aggregation, dynamic spend analytics and optimization as well as scalable data 

warehousing and ETL platform availability. 

Organizational driving factors are crucial for effective adoption of AI into procurement 

functions and for integration. As detailed in the previous sub sections under Results and 

Analysis section the main organizational drivers highlighted by the respondents were cross 

functional team setup, organizational wide involvement through pilot projects, supportive 

but cautious leadership style, kaizen and data driven decision making culture and spreading 

success stories as a communication strategy. In addition to these main driving factors, other 

organizational factors emphasized as influential were innovation promoting culture, trying 

and learning culture, structural changes and leadership drive on digital initiatives. 

In addition to internal technological drivers and organizational drivers, there can be many 

environmental forces or factors that can push for the successful adoption of AI in 

procurement within Finnish organizations. As detailed in the previous sub sections under 

Results and Analysis section, the main organizational drivers highlighted by the respondents 

were competitor pressure, customer pressure, sustainability reporting standards and 

requirements as well as regulatory scrutiny. In addition to these main driving factors, other 

environmental factors emphasized as influential were pressure from the other partner 

companies in the value chain as well as the market rate of volatility. 
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This study was able to shed light on key technological, organizational and external 

environmental drivers for AI adoption in the procurement process within Finnish large and 

medium scale enterprises as expected in the research objectives of this study. 

5.2  Barriers for AI adoption in Procurement 

In this section barriers for implementing AI-driven procurement processes in Finnish 

Enterprises were analyzed. The analysis was under 3 main sub-categories as per the TOE 

framework, namely technological barriers, organizational barriers, and external barriers. 

5.2.1  Technological barriers for AI adoption in procurement  

Irrespective of increasing interest in deploying AI solutions, there are certain technological 

barriers that prevent its full integration into the procurement domain in Finnish enterprises. 

In literature review the main factors highlighted as technical barriers were, challenges in 

system integration, data infrastructure and digital maturity of the organization. Further, some 

scholars also highlighted data quality issues and inconsistency, legacy ERP systems, and 

limited in-house AI expertise as possible technological barriers (Ahmed & Ahmed, 2024)  

Code – Technological Barriers for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Data Quality & Data 

Consistency 
11 Black Box Skepticism 1 

System Integration 10 Data architecture & formats 1 

Level of User-friendliness 4 In-house AI skills 1 

  Security & Compliance 1 

Table 7 – Technological Barriers 

The most significant technological barrier identified in the analysis is data quality and 

consistency, which impact the effectiveness of AI adoption in Finnish enterprises, especially 
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in the procurement domain. Respondents highlighted how poorly structured, fragmented, 

and inconsistent data impact AI models, as it becomes difficult to feed data into these models 

and then to analyze or provide valuable insights for key stakeholders. In his study Campos 

Zabala, (2023) highlights the importance of data quality and data integrity for scientific 

integrity of model outputs and to build trustworthy nonbiased AI models. 

This was a challenge that was apparent at the first introduction of AI tools or even at the 

stage of blueprint finalization. Respondents from the pharmaceutical sector highlighted this 

challenge. 

"Data quality on coding in the ERP for some ingredients, wasn’t consistent and in line with 

data structures, and obviously this resulted in AI not being able to do the spend analysis 

accurately." 

Response to this challenge often involves master data teams cleansing data and standardizing 

crucial fields before the data is used to train the AI models. Respondents from the industrial 

machinery and process technology industry stated that data harmonization was challenged 

due to regional discrepancies in data. 

“The ERP system obtained and recorded transactional data, but coding was not uniform due 

to entry errors and some historical POs were not consistent with material classifications, 

and different regions has different supplier codes for the same supplier and supplier names 

were spelled differently across regions." 

The organization had to work on a data cleansing initiative, which spread for several months, 

when data was reconciled with NLP-driven classifications. This resulted in a unified data 

warehouse, which was used to train AI models. Another respondent from the same industry 

highlighted further challenges, including inconsistent supplier names and material codes, 

and highlighted deeper complexities arising due to data quality issues. 

“Also, complex details like regional compliance clauses, alloy tolerances, etc., often demand 

multi-angle translation or interpretation” 

In addition to item-level data inconsistencies, there were existing system-level integration 

concerns that also created significant challenges. Respondents from energy and engineering 

services highlighted this factor.  
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 "Our ERP and maintenance systems aren’t always fully harmonized, and this resulted in for 

the same information different regions using different fields and integration was so 

challenging and the flow of information from procurement systems to AI models for analytics 

became very time consuming”  

Respondents from the aviation industry highlighted similar concerns, stating data quality 

and inconsistencies are impacting the timelines assigned for training the AI models. 

"Batch records, Part numbers, or supplier codes weren’t always even and uniform across 

regions we operate, which was a bigger challenge to achieve uniformity, and this slowed 

down AI model training.” 

As a response to these issues, organizations are proposing phased approaches. Companies 

are promoting the concept of a pilot project on a small scale with specific business units. 

Further, creating cross-functional teams inclusive of procurement, IT, and data specialists 

was also considered to drive reforms in data governance and has been a strategy used 

globally (Rita Uchenna Attah et al., 2024) 

“We started with a small pilot project using a standalone AI tool and set up a cross-

functional team to clean the data and define a roadmap." 

Respondents highlighted that without standardized and reliable data, the promised value and 

insights can't be delivered from AI tools.  

Another significant challenge emphasized by respondents for AI-driven procurement 

systems is system integration. Specifically, the challenge of integrating AI tools with legacy 

ERP systems, IT infrastructure, and procure-to-pay systems. These integration challenges 

push organizations to initially operate AI solutions in isolation with manual intervention and 

less effectiveness.  

Respondents from the pharmaceutical industry highlighted that AI tools were not fully 

integrated with day-to-day workflows and had to rely on IT team expertise to get customized 

reports. 

"The AI tool initially was hosted in a separate portal in an isolated server, so I had to request 

IT support to export reports manually during the pilot phase"  



 

  60 

 

  

A similar point was highlighted by a respondent from the industrial machinery and process 

technology industries. 

"The AI based reports didn’t show directly in our ERP dashboard which I use on a daily 

basis, and I gave my feedback to IT, and they’re exploring API links to show everything in 

the ERP dashboard which will be very convenient" 

These cases from the professionals highlight a specific pain point.  Interoperability between 

AI tools and day-to-day procure-to-pay platforms is seamless, and many manual fixes are 

needed. 

As respondents stated, most of these organizations use legacy ERP systems, which are not 

ideal for modern data exchange. This is a standard drawback, organizations are facing when 

it comes new technological deployments like AI projects (Campos Zabala, 2023)  

"Legacy systems we were using didn’t have open APIs, which forced the company to either 

build middleware platforms or migrate to a newer digital platform “ 

The same concern was echoed by respondents from the Industrial machinery and process 

technology industry, and they suggested certain pragmatic workarounds to address these 

issues through lightweight middleware.  

"We had to invest and deploy lightweight middleware agents that extracted data regularly 

from legacy systems. Even though this added latency, it allowed our AI pilot projects to 

begin." 

Even though this was a workable solution in the short run, this legacy infrastructure poses a 

significant challenge for scalable and real-time AI tools and applications. Further 

respondents from the banking and financial services industry highlighted that these 

interoperability issues go beyond ERP systems and procure-to-pay systems and into a 

broader enterprise data environment. The same thoughts were echoed by respondents from 

the pharmaceutical industry.  

“Quality systems and regulatory systems mostly operate in silos. This required secure 

interfaces and sandbox testing to create the data tunnel between these systems and AI model 

without disrupting live operations” 
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These comments highlight a broader issue, which can significantly hinder AI deployments 

in the procurement domain within Finnish enterprises which as AI-based models or tools 

can’t optimally operate in isolation. 

Another important barrier highlighted by the respondents is the user friendliness of AI 

interfaces and usability. Even though AI is a sophisticated technology, it should be kept in 

mind that the end user is a normal business user, and if the interfaces are not defined keeping 

an average business user in mind the application adoptability will be impacted(Chen et al., 

2021). Several respondents stated that AI dashboards are very complex and need to be 

simplified to make them more actionable.  

"Some dashboards provided by AI tools were too sophisticated and technical. It was hard to 

navigate. So, I requested for simpler summaries rather than huge tables."  

The respondents from the aviation industry stated similar ideas, with a preference for short, 

specific insights over dense, unnecessary visualizations.  

"I just need a KPI summary report to see how we have performed, not 20-30 charts, which 

is information overload and I have to spend lot of time to understand the charts and find the 

one I need.," 

Notably, many of these companies implemented iterative feedback loops with analytics and 

IT teams to improve dashboard layouts and enhance usability. This collaborative approach 

was seen positively by many respondents as it helped to bridge the gap between the technical 

capabilities of the AI model and user-specific, summarized insights. This highlights an 

important concept where AI tools should not only focus on functionality aspects but also 

need to invest time and resources to ensure that they are fit for purpose (Chen et al., 2021).  

5.2.2  Organizational barriers for AI adoption in procurement  

Similar to technological barriers, organizational barriers can also significantly slow down 

the AI adoption in the procurement domain within Finnish enterprises. Many scholars have 

highlighted those organizational factors such as a lack of AI competencies, resistance to 

change, unclear ownership of AI projects, and ineffective cross-functional collaborations 

can significantly delay the AI adoption process (Kattnig et al., 2024). 
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Code – Organizational Barriers for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Change Resistance & Trust 11 
Project Management 

Challenges and Timelines 
2 

Skill Gap & Insufficient 

Training 
5 Budgetary Approvals 1 

Skepticism on losing jobs 5   

Project Workload 4   

Table 8 –Organizational Barriers 

The most highlighted organizational barrier for the adoption of AI-driven procurement 

processes in Finnish enterprises is resistance to change and a lack of initial trust in AI models 

and tools. Many seasoned procurement professionals who were accustomed to manual 

procurement processes with limited automation had concerns about trusting the new models 

and tools. 

As stated by respondents from pharmaceutical industry, they have run AI pilots in parallels 

to address the main fear that many procurement team members had which is that AI systems 

are not intelligent enough to interpret complex procurement contexts which has regulation-

related complications and complex bid evaluations.  

“Some of my team members worried AI might not be successful in interpreting quality 

specifications or regulatory requirements due to complexity involved. We managed this by 

implementing pilots in parallel with our usual manual checks to build trust.”  

Side-by-side pilot testing is an effective method, as highlighted by respondents, which 

allows procurement team members to compare their own decisions against the system's 

given judgments or decisions, which helps to build confidence in the system. Parallel runs 

of AI systems with human checks at initial phases is a well-tested strategy to build 

confidence in the system specially when employees see AI tools as a black box (Kattnig et 

al., 2024). Some respondents from industrial machinery and process technologies 
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highlighted that some routines that are used to follow act as a habitual reliance and seen as 

a psychological barrier. 

“I’m used to a specific routine in my day-to-day tasks which includes manual checks, status 

calls on a weekly basis with critical suppliers. New AI tool introduction means I must change 

the routine as well as trust the tool to make correct judgements and that will take time.”  

This is a good point to note as it indicates resistance will come not only as technical means, 

but also as behavioral, due to being heavily comfortable with existing processes. Trusting 

the system becomes even more challenging due to concerns on additional workload as well 

as job displacement concerns.  

“Some colleagues worry AI means more work or no work. They fear it creates more work 

due to pilot projects or it will take away their jobs.  We began this by being open & 

transparent, we showcased how AI manages repetitive tasks, but humans still make the final 

call and judgement.”  

To get maximum employee support by reducing their anxieties, organizations need to frame 

AI projects and solutions that will supplement or augment human intelligence and not as a 

substitution for human roles (Tschang & Almirall, 2021). Further respondents highlighted 

that some senior members in procurement teams challenged the requirement for AI tools, 

specifically stating that the existing systems are giving expected results.  

“Most of our senior procurement team members had been managing well with traditional, 

excel-based approaches and they were questioning the requirement for AI based process 

changes.”  

Early adopters will be key in these situations, and they can be paired with these individuals 

who are skeptical about the requirement for these systems which will help to demonstrate 

tangible benefits such as improved efficiency and reduced time for evaluations, and these 

discussions with early adopters will help to fight this mentality.  

Another significant organizational barrier in Finnish organizations, as per the respondents, 

is skill gaps in digital tools, data interpretation, and insufficient structured training programs. 

Several respondents from different industries emphasized that certain employees are not 

technology and data savvy, especially when it comes to AI predictive models and 

interpreting their results. 
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“Some procurement team members were comfortable with basic data dashboards, where 

many didn’t have experience interpreting predictive models.”  

This highlights a key skill gap between what AI tools offer and their technical capabilities 

against the digital literacy of key stakeholders and end users. To address this skills gap, the 

suggested approach had been more scenario-based based targeted practical training sessions. 

The objective was to boost user confidence, and these sessions intended to help them solve 

common issues they have raised on reading data and certain analytics-related questions, but 

not deep analytics training sessions, which focus on a more hands-on approach. A similar 

approach was echoed by respondents in the pharmaceutical industry. 

“We organized hands-on workshops for employees and distributed brief guides. These 

focused on few key use cases they come across mostly rather than overwhelming people with 

every feature of the model at once.” 

Use case-driven training sessions have been popular compared to system-based general 

training. This helps and promotes employee engagement, helps them to understand how AI 

tools can be utilized within day-to-day procurement activities, and creates a sense of 

ownership. 

Another significant barrier for Finnish organizations in deploying AI solutions is skepticism 

regarding job security. As AI models and tools are becoming popular, some procurement 

professionals see this change as a threat to their job, instead of seeing it as support for their 

work. This was highlighted by respondents from energy and engineering services industry.  

“I have seen colleagues sometimes worry and main question they have is will this make my 

role less relevant or not required?” 

Open communication from top management is key when initiating these AI projects, which 

will help to address these concerns, where they can highlight the intention of the project to 

free up space for procurement professionals to focus on more strategic initiatives rather than 

wasting time on repetitive day-to-day tasks. These activities can be SRM, strategic sourcing, 

contract negotiations, etc. 

An important concept was highlighted by respondents from the energy and engineering 

sector, which can be classified as a paradox where employees see AI solutions as a means 

of job elimination and at the same time, which creates more work for employees, especially 
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at initial stages due to required oversight, data cleansing, and training activities. These 

contradictory views among employees make it very hard to push AI adoption at scale within 

organizations. 

“Some procurement team members worry that those pilot projects will create added 

workload on top of daily work and some on the other side worry AI will make their job 

redundant.”  

Respondents highlighted that sometimes these concerns are made worse due to bad 

communication strategies and unclear project goals. These can lead to speculation, and when 

it comes to new technological projects, more often than not, these speculations are towards 

more negative aspects and creating more resistance due to preconceived biases. 

Respondents from banking and financial services highlighted that it is important to 

understand the exact reason for the push back, which might be hidden behind a reason like 

expected efficiency levels can’t be achieved, or analytical results are not trustworthy. The 

root cause in most cases is fear of losing job. These psychological barriers must be addressed 

effectively for the successful adoption of AI solutions within the procurement domain.  

The burden of additional project workload is a critical barrier for AI implementation within 

the procurement domain in Finnish organizations, which is generally overlooked.  According 

to respondents, procurement professionals are already busy with ongoing operational 

requirements, and it can become overwhelming when AI pilot project work is also 

considered.  Respondents from the pharmaceutical industry highlighted that the procurement 

teams were operating at full capacity and the work from AI pilot projects was not seen as an 

opportunity, but more as a burden.  

“Team members are already having heavy loads of daily tasks, so adding pilot tasks felt 

extra”.  

This reflects an important concept where even well versatile innovation projects also can be 

pushed back by users if the priorities are not well assigned. A similar concept was raised by 

respondents from the aviation industry where it highlighted the success of the projects highly 

depending on how well tensions between long term innovation requirements are managed 

with short term day to day deliverables. 
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“Requesting team members to take up additional work or responsibilities due pilot tasks was 

a hurdle, especially when team members are busy with managing pressing day-to-day 

responsibilities and we were working one member short due to layoffs” 

As the respondents from energy and engineering services highlighted in addition to time-

based constraints, work prioritization and resource distribution among project tasks also 

become challenging. Careful scheduling and coordination between key stakeholders are 

crucial  

A significant barrier to AI adoption is not having sufficient time and capacity to for AI 

initiatives. While noting that pilot projects are crucial for testing, those pilot projects must 

merge strategically to procurement teams’ schedules and resources have to be allocated 

properly.  

5.2.3  External environmental barriers for AI adoption in procurement  

In addition to technical and organizational challenges, Finnish organizations also face many 

external barriers which affect the rate of AI adoption in procurement domain. As many 

scholars have highlighted in their studies, these include factors which organization can’t 

directly control such as lack of AI skills in vendor network, data quality from suppliers, 

integration with external platforms and regulatory ambiguity (Delgado et al., 2025). The 

respondents echoed some of these barriers as well as specific ones to Finnish enterprises. 

Code – External Barriers for AI adoption in Procurement 

Major Determinants Frequency Minor Determinants Frequency 

Data Privacy and 

Confidentiality 
8 

Public Data Reliability and 

Confidentiality 
2 

Digital Maturity of Suppliers 7 AI Solution Provider Selection 2 

Vendor driven Scope 

Volatility 
4 Access Concerns 1 

  
AI Models Getting Outdated 

Frequently 
1 
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  Regulatory Environment 1 

  Supplier Willingness 1 

Table 9 –External/ Environmental Barriers 

As highlighted by the respondents, the most prominent external barrier for AI adoption in 

procurement domain is concern regarding data privacy and confidentiality. Respondents 

from pharmaceutical industry, highlighted concerns over sharing sensitive data with AI 

solution providers, who in turn need this information to train the AI models. 

“Confidentiality and data privacy are serious matters to concern. Based on legal instruction, 

contracts and anonymization is required before sharing certain pricing or quality data with 

AI vendors” 

They had concerns with sharing operational data with these third-party vendors fearing this 

information will be stored and shared with their competitors. There is always a tension 

between leveraging AI capabilities and requirements over compliance and control of critical 

information. This was echoed by participants from industrial machinery and process 

technologies industry.  

“With larger suppliers, there were scenarios that they have raised concerns about data 

privacy, so legal team gets involved to define the boundaries on what data can be shared 

and to what extent and we have to follow these guidelines”  

It is important to have a sound legal framework covering these AI related projects and better 

to get legal team involvement in advance. The legal team involvement should not only be 

procedural but should be essential and handled with a positive attitude as it will help to 

ensure data shared doesn’t breach proprietary information and compliance standards. 

These data privacy and confidentiality concerns are worsened, because these third part AI 

vendors use data from multiple sources to train these AI models which makes GDPR 

compliance extremely complex. This idea was highlighted by respondents from 

telecommunication industry. 
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“Data privacy and GDPR compliance presented another external challenge. We engaged 

our legal department to draft a ‘Data Privacy and AI Usage Charter’ that spelled out how 

third-party data would be handled”  

This shows that organizations are considering data governance as a key element in AI 

procurement initiatives. More complex layers of problems were highlighted by respondents 

from pharmaceutical industry. 

“Data privacy and confidentiality also becomes key concerns. Sharing certain quality 

related data or pricing data with AI service providers needs carefully drafted contracts to 

protects ourselves in data breach incidents. GDPR and pharma-specific requirements must 

be prioritized as per the legal advice given to us and these conditions must be met before 

selecting or running AI based models” 

This highlights how industry specific regulations can further increase the importance of 

sensitive data handling specially in industries where compliance and quality standards are 

nonnegotiable. Finnish organizations are facing a significant barrier in the form of data 

confidentiality and privacy even though there is huge potential in AI models and tools within 

procurement domain.  

Another significant barrier faced by Finnish enterprises to AI driven procurement processes 

in lack of digital maturity of suppliers. Most of the well-established, large vendors mature 

digital skills and systems that are capable of real time integration, where niche or small-scale 

suppliers lack those capabilities and infrastructure, and this will create data gaps in the 

system and can ultimately impact the output accuracy of AI data models and this is a major 

challenge faced by many organizations globally when they go for digital transformation 

projects in supply chain domain (Delgado et al., 2025)   

“Suppliers status in digital readiness vary significantly, where some smaller vendors can’t 

share real-time data. Even though there are some workarounds, most times AI models lack 

visibility there” 

Real time data absence from certain vendors not only impacts the AI model effectiveness 

but will require more human resources to continuously collect data and upload them to the 

systems which will reduce overall efficiency. A similar concern was highlighted by 

respondents from industrial efficiency and process technologies. 
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“Some smaller suppliers don’t have systems to share data automatically and we have 

observed few rare scenarios these challenges with some medium to large scale enterprises 

as well, so ultimately AI models can’t pull in their performance metrics related information 

easily” 

Respondents stated companies are categorizing suppliers based on digital maturity level as 

a strategic move. Respondents from telecommunication industry shared similar thoughts. 

 “We started with tier-1 suppliers who are more advanced, offering them value and better 

chances at RFx processes and sometime things like better payment terms in exchange for 

better data collaboration” 

This is a stepwise approach which can be seen as a more pragmatic approach where suppliers 

with digital maturity are prioritized for AI driven collaborations, and it will give a good 

signal to the supplier network that they need to pick up and develop their digital skills. These 

other suppliers will be onboarded or AI project-based collaborations in next phase. 

Furthermore, seems the same issue is there with service and MRO service providers as well 

according to respondents from aviation industry. 

“Many niche part suppliers and smaller MRO providers lack skills as well as systems 

capabilities to supply real-time performance data. We must rely on outdated manually pulled 

data. So, the AI models may not be fully accurate all the time due to missing data inputs”  

Finnish organizations will face immense challenges in AI adoption strategies within 

procurement domain until small and medium suppliers pick up their digital skills. These 

vendors can be brought up to speed in digital maturity through phased engagement, 

incentives or capability building through training. 

Another barrier highlighted by the respondents is vendor driven nature and volatility in AI 

systems eco system. Unlike other systems like ERP platforms, AI tools face very quick, one-

sided changes driven by vendors which create misalignment between business needs and 

what the AI service provider directs. 

A concern raised by many respondents is the instability demonstrated by AI systems or tools 

during the pilot phase, where there are interface changes or feature updates introduced by 

vendors which disrupt ongoing pilot.  
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“Feature changes sometimes happen very quickly with AI service. Sometimes these constant 

changes are advantageous, this is not the case when you are going in for pilot projects. I try 

to lock in pilot scope and get commitments on support to avoid surprise changes mid-pilot”  

This is an important point where unexpected unilateral changes from vendors side during the 

pilot programs can impact trust in AI eco system and even the evaluation integrity. Further 

AI vendor landscape is changing very rapidly, where organizations need to evaluate the 

market continuously for new tools as well as new vendors coming up to identify the vendor 

product offering which best align with their requirement. 

“The AI vendor landscape evolves fast, and lot of startup companies are emerging many attractive 

models and features. We keep evaluating but avoid frequent tool changes by focusing on flexible 

platforms or modular solutions”  

This is bit different compared to some other procurement decisions where selection is more 

on the product base, when the market is mature, but when it comes to AI tools or models, it 

is recommended to consider platform-based partnerships which focus on long term 

adaptability. It should be noted that many respondents highlighted about optional setbacks 

caused due to unannounced feature tweaks which can even seem minor. Companies wants 

to go for clear and well-defined pilot scopes and product support durations throughout the 

agreed timelines. Tighter vendor governance with structured implementation frameworks is 

suggested for AI projects to avoid any mid project surprises. 

Some other minor challenges highlighted by the respondents but create significant barriers 

are supplier willingness to take part in AI project collaborations and even if they have real 

time data, willingness to share them and reliability of public data accessed by AI models 

during training periods and confidentiality concerns over these data sets. Furthermore, 

selecting the correct and reliable AI solution provider is a challenge and nature of AI models 

which will get outdated very frequently and require to retrain using new data sets all the time 

are other challenges highlighted by respondents which act as external barriers for AI 

deployment within procurement domain.  
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5.2.4  TAKEAWAY – TOE Barriers for AI adoption in procurement 

In this study, other key part of the first research objective is to find out the challenges, large 

and medium sized enterprises in Finland needs to overcome during AI adoption in 

procurement process. As stated in the methodology section the theoretical framework is used 

to structure the discussion with the respondents in TOE framework. Irrespective of 

increasing interest in deploying AI solutions, there are certain technological barriers that 

prevent its full integration into the procurement domain in Finnish enterprises. As discussed, 

and emphasized in the previous sub sections under Results and Analysis section the main 

technological barriers stated by the respondents can be categorized under level of data 

quality and data consistency, system integration with legacy and outdated systems and level 

of user friendliness of the interfaces. In addition, black box skepticism, concerns on data 

architecture and formats, lack of inhouse AI skills and too much dependency on third parties 

and security and compliance concerns were also stated by respondents as other technological 

barriers faced by Finnish organizations in the journey of AI adoption within procurement 

domain. 

Similar to technological barriers, organizational barriers can also significantly slow down 

the AI adoption in the procurement domain within Finnish enterprises. As discussed and 

emphasized in the previous sub sections under Results and Analysis section, the main 

organizational barriers stated by the respondents can be categorized under change resistance 

and level of trust on AI model outputs, skill gap and insufficient training, skepticism on 

losing jobs and increased project workloads. In addition, budgetary approval and delays as 

well as project management challenges and unrealistic project timelines were also stated by 

respondents as other organizational barriers faced by Finnish organizations in the journey of 

AI adoption within procurement domain. 

Finnish organizations also face many barriers from the external environment which affect 

the rate of AI adoption in procurement domain. These factors can be quite challenging as 

organization doesn’t have any direct control over those factors. As discussed and emphasized 

in the previous sub sections under Results and Analysis section, the main external 

environmental barriers stated by the respondents can be categorized under data privacy and 

confidentiality regulations, level of digital maturity within supplier network and vendor 

driven scope volatility in AI projects. In addition, public data reliability and confidentiality 
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levels, AI solution provider selection process complexities, access concerns, AI models and 

technologies getting outdated a rapid frequency, regulatory environment and supplier 

willingness for data sharing were also stated by respondents as other external environmental 

barriers faced by Finnish organizations in the journey of AI adoption within procurement 

domain. 

This study was able to shed light on key technological, organizational, and external 

environmental barriers for AI adoption in the procurement process within Finnish large and 

medium scale enterprises as expected in the research objectives of this study. 

5.2.5  Lessons Learnt and Common Pitfalls in AI Project Implementations 

Some respondents responded with their reflections of AI driven projects implemented within 

procurement as well as in other domains. Some respondents stated the deployments are 

ongoing and they are not in a situation to provide any insights on lessons learnt.  

Code – Lessons Learnt & Common Pitfalls in AI project Implementations 

Major Determinants Frequency Minor Determinants Frequency 

Start Small & then Improvise 8 Upfront Communication 3 

Early Involvement of Cross 

Functional Team 
6 More Upfront User Trainings 3 

Focus on Data Governance & 

Strategy 
4 

Focus on Change Management 

Plan 
1 

  
Define AI Road Map before 

Pilots are started 
1 

  
Address Data Biasness & 

Ethical Consideration 
1 

Table 10 –Lessons Learnt and Common Pitfalls 

A very common point echoed from the respondents is the strategic importance of starting AI 

projects at a small scale. This is in comparison to the introduction of multi category large 



 

  73 

 

  

scale transformations. Many respondents highlighted the importance of conducting pilot 

projects with a specific narrow focus. This helps organizations to collect information and 

insights at small scale and tweak the projects according to company objectives and strategies 

and to minimize risks and demonstrate quick wins.  

A similar idea was highlighted by respondents from pharmaceutical industry who stated 

importance of doing AI based forecasting for a single reagent item to check accuracy of the 

model before going for widespread implementation. 

“I’d start with a focused specific pilot by picking one critical item or few items from a single 

category., Then we can forecast lead-time for a key ingredient, instead of several at once. 

That way, results are clearer and comparable with manual methods, and I can show quick 

wins and build trust.” 

This was echoed by many other professionals who stated that small scall AI initiations help 

to build up momentum quickly within the organizations for a widespread implementation. 

“Specific small-scale projects deliver results and its faster and with clearer and well-defined 

business cases. Small scale initial projects also build internal trust and momentum much 

better than a widespread transformation roadmap” 

Another insight that can be derived from these responses is that narrow scoped pilot projects 

help with more effective learning as well as help to boost stakeholder confidence which is a 

key element for success of AI project deployments. This idea was responded to by 

respondents from the telecommunication industry.  

“I underestimated the benefits of small but rapid pilots in some non-core procurement 

categories. That would have helped us with early success and could have demonstrated 

cross-category applicability.”  

Another advantage of this approach is it makes it easy to improvise and to correct any 

mistakes before committing to a larger scope, this was highlighted by the respondents from 

the banking and financial services industry. 

“A more targeted trial would have allowed us to gather deep insights on a smaller scale 

with minimum resources and adjust our approach accordingly without failing at a larger 

scale.” 
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In essence, many respondents agreed, for AI project deployments within Finnish enterprises, 

they recommend to limiting the scope and start with a narrow-focused scope and then 

improvise and scale when you see success in the pilots.  

Many respondents highlighted the importance of getting cross functional teams involved in 

AI driven projects. The AI projects are generally complex and can impact many departments 

of an organization going beyond procurement division and out reaching to departments like 

quality assurance, finance, regulatory and operations and getting them involved from early 

stages is key to ensure no surprises for these teams. 

Many respondents stated consider AI deployment in the procurement domain as an initiative 

led and controlled by procurement solely, resulted in many delays, inefficiencies, and 

misalignments with other departments.  

“In recollection, I would have focused much earlier to get cross functional stakeholder 

alignment particularly with our regulatory, finance and quality assurance (QA) departments 

If we had involved those stakeholders upfront our rollout timeline would have been much 

faster.”  

This highlights the importance of getting cross functional team support early as possible as 

a risk mitigation strategy and to improve efficiency and project timelines. In highly regulated 

industries compliance and quality departments play a very crucial role in AI deployment 

projects. 

“We would have involved quality and regulatory colleagues earlier in scoping, since their 

controls on data flows and compliance checks shape what the AI can or cannot do.”  

This highlights an important concept about regulated industries where compliance driven 

requirements can drive technical feasibilities of AI projects and data models. So, it is 

important to get these teams involved from early stages and to get their input in designing 

use cases.   

“Involvement from legal, analytics and IT departments from the start to co-design use cases, 

since their input on data requirements and data strategy are vital.” 

All in all, involvement of cross functional teams in advance results in more robust scopes 

and business cases, better scoping and ultimately less surprises during project execution and 

deploying phases. 
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Another important learning point highlighted by respondents is not to underestimate the time 

required for data preparation and cleansing and the data governance. Many respondents 

highlighted that the pilot projects faced confusion and delays because of unstructured data 

sets and gaps in data readiness. Respondents from pharmaceutical industry highlighted this 

learning point.  

“Lastly, I’d push to have a strong data governance framework even before we start the 

project, since data issues slowed down several pilots.”  

If data governance is not given sufficient prominence, even sophisticated AI solutions or 

pilot projects can stall or won’t deliver expected results. Respondents from the energy and 

engineering services industry stated that data strategy should be defined as a foundational 

step and not after the project has been started.  

“If I had the chance to go back, I would spend significant time upfront on defining our data 

strategy. We were not ready with resources and time to correct these data issues. We 

underestimated how much effort it would take to prepare the data for AI use.”  

This clearly highlights the hidden complexity and resource requirement for data preparation, 

and this must be catered well in advance and should be an integral part of the project 

blueprint.  Further several respondents highlighted that not having clear responsibilities and 

ownership over data access, regulatory compliance and data updates was a serious challenge 

and these must be defined before the project is started.  

“I’d clear up doubts and set up clearer governance around data access and model updates, 

so we avoid confusion when new datasets come in or regulations change.”  

When regulations change and iterative AI models are considered, these considerations 

become crucial especially in industries that work with sensitive data sets. The role master 

data teams play, and internal collaboration should be given proper prominence. Respondents 

from the aviation industry echoed these ideas. 

“Data governance would be key, and I would have pushed it upfront before projects were 

started or at least at pilot stage in my category, working with master data owners sooner 

than later.”  

Data governance and data strategy are crucial strategic drivers for AI deployment and not 

just a back-office concern and has a larger say in AI project success.  In addition to these 
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major lessons learnt, there were many other points highlighted by the respondents as well. 

Respondents stated to minimize buy in and to avoid any surprises, upfront communication 

about project goals is important. And more upfront user training on specific user cases should 

be provided. Further it was highlighted that at the project initiation stage, there should be 

proper focus on changing management roles and data biasness and ethical considerations 

should be considered. 

5.3  AI Adoption in Procurement & Performance Metrices 

In this section, it is discussed about how AI adoption will impact traditional performance 

metrices in procurement domain and emerging performance metrices. 

5.3.1  Impact on Classic Procurement KPI s from AI developments 

Since Finnish organizations are having AI deployments within procurement functions, there 

is academic and professional interest to understand how these deployments will impact 

traditional KPIs in addition to drivers and barriers for AI adoption in procurement domain. 

In this section it is discussed how classic procurement KPI s such as cycle lead times, cost 

savings, supplier performance metrics, lead times, sourcing times, contract execution 

timelines are impacted by AI adoption. But the general observation was, discussions with 

the respondents on performance metrics were less insightful compared to the previous 

discussion on drivers and barriers as most of these organizations are not fully matured in AI 

adoptions in procurement domain.  

Code – Impact on Classic Procurement KPI s from AI developments in Procurement 

Domain 

Major Determinants Frequency Minor Determinants Frequency 

Cycle time for Procurement 

and Routine Orders 
10 Supplier Performance KPIs 3 

Cost Savings 9 Forecast Accuracy 2 
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Quality related KPI 6 On Time in Full (OTIF) 1 

Lead Time 5 Contract Execution Timelines 1 

Table 11 –Impact on Classic Procurement KPI s 

As stated by Marinagi et al., (2023), AI had positive links with supply chain and procurement 

domain KPI s like lead time, time to recovery, capacity utilization, risk assessment 

frequency, supplier delivery efficiency, supplier rejection rate and on time delivery rate. 

Most noticeable and immediate impacts of adopting AI in procurement processes has been 

cycle time reduction, especially for repetitive purchase order creation process. Further 

respondents highlighted that AI based solutions helped to minimize manual errors and to 

streamline procurement tasks. 

Many respondents stated completeness and accuracy of purchase requests have improved 

due to usage of AI tools and this has resulted in reduced no of errors in purchase requisitions 

and purchase orders. This was highlighted by respondents from the pharmaceutical industry 

and industrial machinery and process technologies industry. 

“AI flags missing specs before I send a purchase order, and this helped to improve cycle 

time for routine orders. Further this resulted in fewer corrections later.”  

Administrative inefficiencies and rework were minimized due to early intervention of AI 

models which improved the KPIs related to purchase flow efficiencies. Respondents also 

stated significant improvements in upstream procurement flows. AI tools have helped in 

sourcing decisions and supplier bid comparisons which significantly reduce the procurement 

completion timelines. Several respondents highlighted similar thoughts. 

 “Previously, buyers must manually compare quotes from a larger number of suppliers. 

Now, our AI engine can do this analysis and highlight ‘outliers’ or potential negotiation 

targets very quickly which will be then manually analyzed in detail and negotiation 

strategies are prepared by our procurement specialists.”  

This resulted in much faster supplier selections and helps with reliability and consistency of 

data usage for vendor selection decisions. Further another aspect that AI tools have helped 

with is routine approval flows in purchase orders and invoice matching where these timelines 

have gone down significantly compared to manual completion.   
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“We’ve observed early gains in cycle time with automated routine approvals or matching 

invoices compared to doing these manually and the accuracy also has gone up.”  

Even though these seem minor and incremental changes, these together have resulted in 

better results in procurement and purchasing operational KPI s. But there are still early stage 

and modest improvements which need to be validated over a long period of time.  

Another classic but very important KPI is cost savings when it comes to evaluating the 

impact of AI driven tools and models. Many respondents agreed that the occurrences of AI 

directly generating cost savings is minimum, but it creates a conducive environment and 

provides resources for procurement professionals to strategically negotiate and bring the cost 

savings.  

Many respondents stated that the key strength of AI tools is improved spend analysis, 

especially identifying small volume or fragmented purchasing scopes from similar sort of 

vendors which can be consolidated.  

“Achieving cost savings are very challenging in our industry as we can’t always switch 

suppliers based on better cost offerings. But AI engine insights on spend analysis revealed 

small-volume purchases that could be consolidated across departments and projects to 

leverage on larger volumes to achieve better unit prices”  

In their study Ismanov et al., (2024) mentions that AI emerges as a transformative force for 

organizations in cost management strategies and this is even valid for Finnish enterprises as 

well.  

This can be identified as the ability of AI models to facilitate strategic decision making even 

in constrained environments with many limitations. A similar concept was highlighted by 

respondents from industrial machinery and process technology industry. 

“AI model’s spend analysis helped me identify small-volume items procured that, if 

combined across regions. This helps us to have a negotiation strategy for these items to get 

better pricing, but the real savings depend on negotiating, so AI helps with surfacing the 

opportunity.”  

This highlights that even though AI enhances data driven insights and better visibility, the 

actual cost savings depends on the negotiation skills of procurement professionals. 

Respondents from banking and financial services also highlighted that AI tools acts as a key 
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driver to improve cost saving KPI s, in an indirect manner by providing real time insights 

and precise spending behavior information.  

“Cost savings are emerging as AI-driven spend analysis insights helps to negotiate better 

terms.”  

Since most Finnish enterprises are at an early stage when it comes to AI adoption in 

procurement processes, direct influence of AI on quality related KPI s is not profound. But 

most respondents believe AI contributes indirectly to improve quality related KPI s. AI tools 

will help to enhance supplier monitoring and for early detection of quality issues.  

Many respondents appreciated the ability of AI tools to intelligently notice any trends arising 

from quality deviations which is very hard for humans to notice and would go unnoticed in 

a traditional system.  

“Impact on quality is indirect where AI helps to spot trends in minor deviations reported by 

QC, inducing earlier supplier discussions and overall, KPI results move incrementally.”  

This highlights the support tole AI tools and models can play to help organizations to shift 

from a reactive to proactive quality management approach. Respondents from energy and 

engineering services industry highlighted human and AI tool collaboration to improve 

quality KPI s.  

“AI assisted us to flag a supplier trend for further review which were then reviewed by 

specialist procurement analyst. These trends we would not have been able to spot manually.” 

 This states how human and AI collaboration can derive benefits for the organization on such 

aspects as quality KPI s. Many respondents highlighted that AI models’ capabilities to 

correlate data from multiple sources are important in flagging risks effectively and to define 

actions to counter these risks.  

“Quality isn’t directly impacted by AI, but by providing insights like flagging supplier risk 

indicators such as late deliveries etc. it indirectly impacts.” 

These predictive capabilities allow organizations to preemptively identify quality risks and 

to address those well in advance before they impact production lines and become a 

compliance issue.  AI plays a positive role in improving quality KPI ‘s through early trend 

recognition and better data visibility.  
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AI adoption is procurement processes that help to define and predict supplier lead times 

more accurately as highlighted by several respondents. Further it is understood that 

predictive analytics allow more precise planning and thus adjust and control supply chain 

parameters like lead time for certain materials. Respondents from pharmaceutical industry 

highlighted AI models have helped to improve forecasting of lead times.  

“Lead-time predictions are becoming more accurate since we introduced AI models for 

some materials, and I am able to adjust reorder points accordingly.”  

More accurate reorder points due to reliable data points allow procurement teams to 

minimize stockout risks for critical ingredients and thus improving KPI results on that front. 

More accurate lead time predictions result in better planning accuracy which will result in 

operational efficiencies especially in industries where on time delivery is crucial.  

“When it comes to lead-times, AI models based predictive analytics gives us early warnings 

of delays, so we can act proactively rather than current reactive approach” 

Compared to the previous approach of reacting to surprising disruptions, procurement 

professionals can now intervene early and address these risks through alternate sourcing and 

supplier follow-ups. In addition to these main points there were less frequently mentioned 

points as well, such as AI’s indirect involvement to measure supplier performance KPIs, 

Better visibility in measures like On Time in Full (OTIF) and on contract execution 

timelines. 

5.3.2  Emerging KPI s due to AI developments in Procurement 

While AI transforms procurement processes, organizations are continuously in search of new 

and evolving performance measures beyond traditional KPIs. According to scholars, the 

KPI’s emerging due to the introduction of AI is mainly influenced by automation, data driven 

decision making and predictive analytics. These metrics try to evolve or go beyond 

conventional measures which mostly focus on cost, lead times and quality related measures. 

These new KPI s should assist procurement teams and organizations to assess AI tools 

effectiveness, digital maturity of processes and organizations and to measure how well 

procurement process outcomes are aligned with strategic goals of the organization in a fast-

paced business environment. 
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Respondents had good ideas for new KPI s for AI driven procurement processes, but most 

times those are theoretical and conceptual as these organizations of these respondents are 

not fully digitally matured companies and in the process of learning & evolving to become 

digitally matured companies. Based on their current experiences in deploying AI solutions 

in procurement domains and other domains, the feedback was provided and most of these 

KPI s are not tested for a long time to have more insightful analysis.  

Code – Emerging KPIs due to AI developments in Procurement Domain 

Major Determinants Frequency Minor Determinants Frequency 

Data Completeness for 

Critical Items 
6 

Forecast Accuracy of AI 

models 
3 

AI Recommendation Validity 

Rate 
5 Supplier Collaboration Index 3 

Risk Prediction Accuracy 4 Spend Classification Accuracy 1 

Table 12 –Emerging KPI s 

One mainly suggested KPI by respondents is Data Completion for Critical Items. AI models 

and systems rely upon accurate and structured data fed into the models to generate outputs 

which means this KPI measures the accuracy of master data. This will be a very important 

KPI especially for highly regulated industries where sensitive and high-risk procurements 

for critical components are regularly procured. Several respondents highlighted this KPI. 

“We want to check how many required fields like expiry date, storage conditions are filled 

for high-risk ingredients. We call it Data Completeness for Critical Items and it is a simple 

check. We sample periodically.”  

This highlights that it is important to have performance measures from the point of data 

loading where it might give the correct picture if performance is measured by the outcomes, 

because certain outcomes are derived by quality of data that was fed into the system. A 

similar discussion point was echoed by respondents from Industrial machinery and process 

technologies industry.  
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“How often the data fields we input into the AI models like lead time records, item specs, 

are complete and accurate.”  

This highlight evolving thinking patterns to have rigorous data governance models and 

efforts which in turn will make the AI model data outputs more accurate and reliable 

specially for scenarios where these are used for decision making. Respondents from aviation 

industry highlighted that it is needed to check the accuracy of data flowing from supplier 

end as well in a more systematic way.   

“Data Completeness Score checks how complete and standardized our part and supplier 

data is, because AI model depends on it to provide the insights for decision making”.  

With AI tools being used and suggested to use in upstream procurement activities, KPI 

suggested by respondents was AI recommendation Validation rate. The same thing was 

stated with different names such as AI insight adoption rate or Recommendation adoption 

rate. This measure will state the frequency of times the AI model given suggestions were 

either accepted, adjusted or override and this indicates how closely the system is replicating 

human judgement and this will have a strong impact on user confidence of the system.  

“AI Recommendation Validation Rate which is how often I or colleagues accept or adjust 

AI suggestions as an example vendor selection from RFP s or risk alerts. We log when we 

review and whether we follow the suggestion.”  

Apart from building trust with the model and making it reliable, this will also help to feed 

accurate data into future AI models. Similar ideas were echoed in energy and engineering 

services industries as well where they stated its always better to have a hybrid approach 

between AI models and human judgement to derive final decision making based on model 

insights. From a more strategic perspective, some respondents stated it should be 

performance measure on how AI tools are impacting procurement behavior and rate of buy  

“Recommendation Adoption Rate which is the share of AI-suggested actions like preferred 

suppliers or order timing that procurement teams accept.”  

AI recommendation acceptance rate is crucial because it acts as a layer between AI based 

system intelligence and logical power against human intelligence and judgement. Higher the 

rate, better it will be for synchronization between AI insights-based decisions and human 

judgement. 
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Another important emerging KPI highlighted by respondents is risk prediction accuracy. 

Since AI based models and systems are more increasingly used to identify supplier delays, 

disruptions and compliance issues, companies need to find a way to measure the reliability 

and accuracy of these insights given by systems. This again helps to build confidence on the 

system and to have more actionable insights from AI models. 

“We hope to measure how often AI-generated risk alerts like potential delays align with 

actual events.”  

These measures indicate to procurement professionals how accurate these models are and to 

which level they can trust and how much human intervention needed for final decision 

making. Based on the response received from respondents from industrial machinery and 

process technologies they want to evolve this concept further to a measurement called 

supplier risk forecast accuracy (SRFA).  

“This KPI will track how often our AI’s predicted risk events such as forecasted late 

deliveries or quality deviations materialize within a defined window which is typically 30 

days. An SRFA of 0.80 means 80% of flagged supplier events were accurate.” 

Similar KPI was stated by respondents from aviation industry where they want a similar KPI 

for compliance queries.  

“The frequency with which AI-flagged compliance or regulatory risk items lead to 

documented reviews or actions.”  

This is important because it shows AI models just not only focus on logistical and supplier 

risk identification, but also for regulatory vulnerabilities.  

Some other emerging KPI s that respondents highlighted, they would like to explore more 

are forecast accuracy, spend classification accuracy and supplier collaboration. Forecast 

accuracy refers to how accurately AI generated supply or demand forecasts and how closely 

align with actual outcomes. This KPI is critical for inventory control and planning 

parameters. Spend classification refers and checks how accurately AI tools can divide 

between complex categories and cost centers.  
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5.3.3  TAKEAWAY - Impact of AI adoption on Performance Metrices in 

Procurement 

In this study, the second research objective is to find out how AI technologies have impacted 

procurement performance metrics in Finnish large and medium size enterprises. Since 

Finnish organizations are proceeding with AI deployments within procurement processes, 

there is academic and professional interest to understand how these deployments impact 

traditional KPI s. As detailed out in the previous sub sections under Results and Analysis 

section, respondents stated that AI adoption will not result in elimination of traditional 

performance metrics within Finnish enterprises but instead supplement them through better 

data availability and process improvements. According to respondents, some key traditional 

KPI s that are supplemented through AI tools in procurement domain are cycle times for 

procurement and routine orders, cost savings, supplier quality related measures, lead time, 

supplier performance measures, forecast accuracy, OTIF and contract execution timelines. 

This highlights the support role that AI tools and models play to help organizations to shift 

from a reactive to proactive management approach through human and AI tool collaboration 

for data driven insights, transparency and decision making. 

While AI transforms procurement processes, Finnish organizations are continuously in 

search of new evolving performance measures beyond traditional KPI s. These new 

measures are mainly influenced by automation, data driven decision making and predictive 

analytics capabilities of AI models and tools. The respondents mainly emphasized emerging 

performance metrices of data completeness for critical procured items in systems, AI 

recommendation validity rate to measure the reliability of the tools, risk predication accuracy 

forecast accuracy of AI models to assess demand forecasting capabilities, supplier 

collaboration index and spend classification accuracy. 

This study was able to shed light on traditional procurement performance metrices and how 

AI plays a supplemental role to enhance these measures to meet broader organizational goals 

in contrast to a competing or obsoletion role as expected in the research objectives. In 

addition, discussion was extended to emerging performance measures to cater new 

capabilities that AI models and tools are bringing to the procurement landscape of Finnish 

enterprises which are not covered sufficiently through traditional measures.  
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6  Conclusions 

In this section, it is summarized about the key findings from the Analysis and Discussion 

and then discussion moves into theoretical and managerial implications. The section will end 

with a discussion on limitations and suggestions for further research.  

6.1  Research Conclusions 

This research was conducted with the objective of evaluating drivers and barriers for 

adopting AI driven procurement processes within Finnish organizations and to identify how 

AI adoption impacts traditional performance metrices and emerging metrices to cater new 

dimensions. Even though AI adoption in procurement domain has collected momentum 

globally, there is limited research conducted about specific drivers, challengers, and impact 

on KPI s within the Finnish industries. This study addresses that key research gap through a 

qualitative thematic analysis based on the inputs received from several sourcing and 

procurement professionals from multiple industries in Finland.  

The theoretical framework used was the TOE framework to study the drivers and 

challengers. When it comes to drivers, research has found out main technical drivers to be 

advanced AI driven demand forecasting, robust and mature ERP system foundations, 

comprehensive data availability and analytics, automation of repetitive tasks and intelligent 

risk identification & classification. Organizational drivers centered on cross functional team 

setup, involvement through pilot projects, supportive but cautious leadership, kaizen and 

data driven decision making and success stories. External drivers comprised of competitor 

pressure, customer pressure, sustainability reporting requirements and regulatory scrutiny.  

Further the research brought in insights regarding barriers which hold the AI adoption in 

procurement domain in Finnish enterprises. Technical barriers include data quality and data 

consistency, system integration and level of user-friendliness of the applications. Mainly 

highlighted organizational barriers include change resistance and trust, skill gap and 

insufficient training, skepticism on losing job and project workload. External barriers 

spanned data privacy and confidentiality concerns, digital maturity of suppliers and vendor 

driven scope volatility.  
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Influence of AI on traditional procurement KPIs are more incremental and supports these 

KPI s indirectly. Key impacted classic KPI s are procurement and purchasing cycle times 

where there had been modest reductions, emerging cost savings due to data-based insights 

and real time data analytics and improved quality levels and monitoring due to possibility of 

flagging risks well in advance through predictive analytics. Other impacted KPI’s are 

supplier performance measures, forecast accuracy, OTIF and contract execution timelines. 

In parallel new KPI s are emerging to measure the success of AI model and tools within 

procurement domain as well as to control the prerequisites required for accurate and better 

performing AI models. Few mainly highlighted emerging KPI s are data completeness for 

critical items, AI recommendation validity rate and risk prediction accuracy rate. Some other 

less frequently stated emerging measures are forecast accuracy of AI models, supplier 

collaboration index and spend classification accuracy.  

From the ongoing AI based projects and come completed projects, reflections of sourcing 

and procurement professionals have resulted in key learnings and takeaway lessons. Mainly 

to start small and them improvise and scale, early involvement of cross functional teams and 

more focus on data governance and strategy.  

From an academic perspective, this study spreads the boundaries of literature on digital 

transformation and procurement with a special emphasis on AI technology, by providing 

insights in drivers and barriers of AI adoption in procurement domain and how KPI s evolve 

in a Finnish landscape. When it comes to practitioners, the study provides actionable insights 

to focus and prioritize specified pilot scopes, open communication, invest time and resources 

into data governance and data architecture before focusing on AI projects, manage change 

management and cross functional team involvement and defining traditional as well as 

emerging KPI s to measure the AI models and systems success and also the prerequisites 

required for the AI models and tools to perform successfully.  

There is significant promise for Finnish industries by adopting AI technologies into 

procurement processes.  But the important point to highlight is to reap the potential benefits 

organizations need to think thoroughly about organizations technical readiness, possible 

organizational changes and how to manage external dependencies. Learning from pilot 

implementations and continuously improving processes, skills and metrics will help Finnish 

organizations to digitally transform traditional procurement processes into strategic and data 

driven processes. 
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6.2  Theoretical Implications 

This research helps to progress theory by intersecting several streams such as procurement 

domain, digital transformation, AI, and procurement performance metrics in multiple ways. 

The study investigates AI driven procurement in the context of Finnish organizations and 

caters a notable contextual and geographical gap in literature.  

Considering procurement domain specific insights, this study broadens theory on AI-driven 

procurement by extending and expanding the Technology–Organization–Environment 

(TOE) framework. (Tornatzky & Fleischer, 1990) to Finnish enterprises landscape with 

procurement‑specific insights. Many scholars have used the TOE framework and the 

technology construct generically, where in this research technology construct is used 

specifically to understand technological aspects impacting AI specific technology adoption. 

In his study (Jo & Bang, 2023) applies the TOE frame for adoption factors for a specific 

application and in this study, we extend the framework at a specific technology level. This 

provides technology specific granularity in the technology dimension for procurement 

context. This study enhances TOE’s external organizational & external or environmental 

context by identifying procurement-specific eco system factors and can be seen as an 

extension for the AI adoption factor analysis model proposed by (Hradecky et al., 2022). 

Further this study adds to the knowledge on geographical context of Finnish enterprises 

landscape on organizational and environmental factors in TOE framework. 

In addition to analyzing the driving factors for AI adoption under TOE framework, this 

research also extends to identify the barriers for AI adoption classifying under technological 

barriers, organizational barriers and external or environmental barriers that Finnish 

enterprises are facing. Certain findings re-confirm existing literature on other geographical 

regions while validating scholarly research findings on their applicability in Finnish 

landscape while suggesting new directions for future research. 

Further, the study confirms modest and consistent impact AI has on Finnish enterprises’ 

traditional KPI s. Some commonly highlighted measures in Finnish enterprises were cost 

savings, cycle time, quality indicators and lead time accuracy and these are in line with 

existing procurement performance measure highlighted by many scholars that are impacted 

by AI technologies (Karttunen et al., 2023). The research extends the knowledge by 
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highlighting emerging KPIs for AI driven procurement processes in addition to identifying 

the impact AI has on traditional KPI s. These overall findings help to develop a more wide-

ranging understanding about drivers and challengers of AI adoption in procurement 

processes in the geographical region of Finland and to understand unique impact AI has on 

traditional procurement KPI s and emerging measures.  

6.3  Managerial Implications 

System foundations and strong data governance and strategy are the corner stones for 

effective AI-driven procurement. Organizations need to prioritize on data collection, 

standardization and cleansing or critical data sets before any AI model training or project 

rollout. There needs to be measures to ensure proper system integrations between systems 

like ERP, procure to pay and AI models or middle ware to manage where data flow is smooth 

and effective and clear ownership of data governance processes. Most important lesson is 

even the most sophisticated AI engines or models without accessible and reliable data, will 

struggle to generate consistent insights and value.  

Organizations need to focus on small scale pilot projects with clear specific objectives for a 

single or few categories at first rather than going for organization wide AI transformation.  

Small scale pilot projects help companies to showcase early wind and build confidence 

among employees and also to build momentum and refine their approach continuously to 

better suit overall company goals and strategies. Early success stories should be properly 

communicated as it will help to build AI ambassadors who will help to build confidence and 

get major buy in for AI projects and ease out change management process.   

Another equally important element is cross functional collaboration, and it is always advised 

to gets these collaborations going from key departments from day one onwards to ensure 

that the considered use cases are aligned with real business requirements. And extend 

collaboration with external partners like vendors to share structured data and arrange 

workshops to discuss about use cases and data governance and to build a more mature and 

resilient data eco system for AI models and engines.   

Change resistance and skepticism are natural when new technologies are introduced, and 

companies must have mechanisms to build trust in the AI outputs. This mainly includes 
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communication that AI is a driver for human intelligence and judgement and not a 

replacement. Further hands-on training will help which focuses on understanding and 

interpreting AI outputs and should not overload them with training on algorithms that are 

used to derive the output. And clear measurement metrics also will help such AI 

recommendation validation rate and sharing with the team, the results of these measures on 

a continuous basis will help to see the AI models and engines as reliable partners and not as 

unknown black boxes.  

6.4  Limitations and Further Research  

Irrespective of contributions, there are some limitations of this research that will provide 

opportunities for future researchers for further investigation. The research completely relies 

on the qualitative interviews conducted with sourcing and procurement domain professionals 

from Finnish organizations which are large and medium scale, and this may limit 

generalization of results to small organizations and other geographical contexts. In future, 

the next round of research could focus on a hybrid method by using quantitative 

questionnaires across a broader range of companies, may be from Nordics and considering 

large, medium, and small-scale enterprises to analyze and compare whether the findings 

from this research on drivers, challenges, and performance metrices differ.  

Due to limitations on time and resources, this research was conducted as a cross sectional 

study where the perceptions are from a single point of time. But AI projects take time and 

goes through different phases, and it would be most appropriate if future research could be 

done considering few companies where information gathered through qualitative research at 

different phases of the AI project which also provide valuable insights on how perceptions 

on technological, organizational, and environmental or external driving factors and 

challenges change during project phases from initiation to maturity. Further this study had a 

limited number of respondents, and the insights were limited and narrowed down to few 

industries.  

Further, even though the study emphasizes on certain emerging KPI s due to AI adoption, 

there is no validation on how effective these measures are and how they align with varying 

business outcomes. Future research can test and validate these KPI s and do a more robust 



 

  90 

 

  

study to recommend a better framework to come up with KPI s based on different stages of 

AI maturity of the organization.  

And this research entirely focused on collecting information and perceptions from the buyer 

side organizations on drivers, challenges and evolving KPI s and doesn’t consider the 

perspective of the suppliers as they are a key element in the AI eco system. Since 

procurement functions are working with multiple stakeholders and within global supply 

chain networks, it’s important to get insights from professionals from other actors in the AI 

eco system as well for a better understanding of overall key drivers, challenges, and impact 

on KPI s which will be an interesting research approach for future research.  
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Appendix 1 – Questionnaire Form 

No Question 

01 

What technology-related opportunities inspired your organization to explore 

or introduce AI applications into procurement processes? (As an example, 

integration with ERP, advanced analytics, data availability, etc.) 

 

02 

In what ways did your organization’s leadership style, internal culture, or 
structural setup drive the decision to invest in AI for procurement processes? Can 
you describe how this intent was conveyed throughout the company? 

 

03 

What external forces drove your decision to adopt AI applications within the 
procurement process? (As an example, factors like competitive pressure, 
regulatory trends, or customer demands, etc.) 

 

04 

What technical barriers have you faced when implementing AI applications within 
procurement processes, and how did you attempt to overcome them? 

 

05 

Which internal factors proved or will prove most difficult during the AI rollout in 
procurement, and how did you attempt to overcome them? 

 

06 

What external obstacles challenged or will challenge your AI adoption in 
procurement, and how did you attempt to overcome them? 

 

07 

Looking back over your AI implementation within the procurement domain, what 
would you do differently today, and why do you want to do it differently? 

 

08 

How has AI affected or will affect classic procurement KPIs such as cost savings, 
cycle time, supplier lead-time, quality, or any other specific KPI s used in your 
company? 
 

09 

How has AI changed or will change the way or the process your organization sets 
targets or benchmarks for procurement performance? 
 

10 

Since implementing AI within procurement processes, have you introduced new 
performance indicators, and how are these metrics defined 
 

 


