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Abstract: The increased globalization of supply chains and procurement systems has contributed to the demand for more 

intelligent data-based decision-making by organizations. The paper presents the dynamics of the use of prescriptive Artificial 

Intelligence (AI) in purchasing and procurement using the Oracle Adaptive Intelligent Apps as the case study. In contrast to the 

traditional predictive systems that simply render predictions about the possible outcomes, prescriptive AI not only foresees the 
future but also advises what to do in order to receive the best results. Adaptive Intelligent Apps Oracle Fusion Cloud Procurement 

uses internal data to improve procurement performance and performance analytics in ERP and external market indicators to 

provide meaningful recommendations that guide actions like alternate supplier recommendation, real-time dynamic discount 

negotiation, and real-time compliance. The system architecture involves the combination of data intake, machine learning and a 

decision engine, which analyses supplier performance, risk profiles and procurement policies. With these capabilities, procurement 

teams are able to automate routine functions, shorten sourcing cycle times, and make situation-aware decisions. A case study which 

has been applied in the real-world arena of a global industrial enterprise reveals fundamental benefits that can be measured through 

positive changes in RFQ cycle times, as well as increased compliance rates and large amounts of cost reductions. Analysis 

indicates that a robust, technologically sound definition of prescriptive AI aligns with the future-proof demands of modern 

procurement, as well as Oracle's organisational strategy. This paper will contribute to the knowledge about how AI embedded in an 

ERP system promises to transform procurement, a predominantly reactive and transactional activity, into a proactive, strategic, 
value-driven, and resilient process. 

 

Keywords: Prescriptive AI, Procurement Optimization, Oracle Adaptive Intelligent Apps, Supplier Recommendation, Dynamic 

Discounting. 

 

1. Introduction 
The evolution of procurement has transformed the once back-office-oriented procurement organisation, centred on cost 

solutions, into today's business enablers that bring value throughout supply chains. Procurement leaders in the modern era of high-

tempo and increasingly sophisticated global markets continue to face pressure to manage supplier relationships, contract 

compliance, risk mitigation, and spend optimisation without compromising the level of agility and operational efficiency. [1-3] The 

innovative aspect of traditional procurement systems is that they provide a predominant automation of the transactional activities; 

however, they cannot yet proffer actionable insights that can aid in expert decision-making. Artificial intelligence (AI), especially 

prescriptive AI, is transforming the procurement world in this location. Prescriptive AI is the most advanced form of analytics, as it 

goes beyond both descriptive (what happened) and predictive (what will happen) analytics to provide actual instructions on what to 

do. In a procurement context, prescriptive AI utilises structured and unstructured data to provide recommendations that optimise 

outcomes. For example, it recommends a new supplier when a risk of missing delivery is identified, suggests renegotiating prices 

based on current market conditions, or identifies the most effective sourcing strategies to minimise costs and risks. 

 
A notable example of using prescriptive AI in procurement is Oracle's Adaptive Intelligent Apps (AI Apps). These 

applications are fully integrated with Oracle Cloud ERP systems and utilise machine learning, behavioural data, and third-party 

data to provide real-time, context-based suggestions. With the help of Oracle AI Apps, procurement professionals can consistently 

and significantly improve their decisions through continuous training and retraining using historical procurement data, as well as 

external signals such as supplier performance measures, economic trends, and industry benchmarks. 

 

This paper examines the potential impact of prescriptive AI in the procurement field of Oracle. It addresses the use of these 

intelligent applications, which help identify cost-reduction areas, facilitate sourcing work, improve supplier selection, and facilitate 

negotiations. Enhancing AI in procurement also improves the quality of decisions and enables procurement organisations to 

refocus their efforts on strategic value, reducing the operational aspects of execution. As companies seek a competitive advantage, 

the implementation of AI-based procurement tools is already playing a crucial role in achieving supply chain resilience and driving 

long-term growth. 
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2. Literature Review 
2.1. Overview of Procurement Systems 

The procurement systems have undergone a significant transformation in recent decades. Traditionally, being a hand-based 

and paper-based process, many of the procurement functions were time-consuming and error-prone, limited to operational 

purchases. Enterprise resource planning (ERP) systems and digital transformation programs have transformed procurement into a 

strategic process that directly impacts an organisation's performance, including its financial performance and supply chain strength. 

[4-6] Digital procurement platforms in use today are extremely connected with the larger enterprise systems like supply chain 

management, finance, and compliance monitoring. These systems are meant to manage huge amounts of enterprise information, 

spend analytics, demand forecasts, supplier performance data, and market dynamics. 

 

Contemporary procurement systems aim to fulfil various fundamental goals, including automating repetitive tasks, enhancing 

visibility, ensuring adherence to in-house rules and external regulations, and minimising the overall cost of procurement. They 

facilitate the concentration of various procurement operations, share real-time data across functions, and form a more streamlined 
framework for strategic sourcing. With procurement becoming increasingly complex due to globalisation and unpredictable supply 

chains, the need for smart, data-driven systems has become even more demanding. It has also paved the way for the introduction of 

new, promising technologies, such as artificial intelligence and machine learning, into the procurement environment. 

 

2.2. AI and ML in Procurement and Supply Chain Management 

The use of Artificial Intelligence (AI) and Machine Learning (ML), in particular, has become a revolutionary force in 

procurement and supply chain management. Such technologies are no longer restricted to the domain of back-end automations; 

they are an aspect of strategic decision-makers. Machine learning and AI are widely used to automate processes such as evaluating 

supplier bids, analysing contracts, classifying spend, tracking compliance, and many others. More specifically, ML algorithms can 

be very useful in detecting trends in procurement data that would not have been identified otherwise, such as early indicators of 

supplier risk or market price changes. AI also contributes to maximising relationships with suppliers and enhancing procurement 
agility. An example is that machine learning models can predict material demand, assess supplier performance levels, and advise 

on diversifying vendors to mitigate risks. The primary purpose of these types of investments is to shorten the procurement cycle, 

control costs, and ensure business continuity in the face of supply chain disruptions. 

 

2.3. Prescriptive vs Predictive Analytics in ERP 

Modern ERP systems are primarily based on analytics, particularly in the decision-making areas of procurement and supply 

chain management. Predictive Analytics is the use of past information in predicting expected future trends. In procurement, it may 

be seen as estimating demand changes, possible delays in delivery, or supplier defaults. Predictive analytics also helps improve 

situational awareness, but it does not provide guidance on the next steps of action. 

 

The next evolutionary step, however, is prescriptive analytics. Not only is it used to make projections, but also to prescribe the 

necessary interventions to meet the desired goals, such as awarding a more dependable supplier or negotiating discounts based on 
volumes or varying purchasing schedules to prevent a breakdown. The recommendations are informed by state-of-the-art 

optimisation algorithms and machine learning models that enable real-time estimation of various scenarios. A commitment to 

prescriptive analytics has emerged in recent scholarly and industrial writings to promote effectiveness in procurement and the 

resilience of a supply chain. An extensive literature review on prescriptive analytics in sustainable operations, conducted between 

2010 and 2021, demonstrates the increasing research devoted to the use of prescriptive analytics to enhance not only efficiency but 

also environmental and social performance. This represents a radical move toward integrated decision-support schemes that 

streamline operational objectives within the framework of long-term sustainability. 

 

2.4. Positioning Oracle AI within Industry Trends 

Oracle has positioned its AI products strategically to meet the growing demand for intelligent procurement systems. Its 

flagship offering, Oracle Fusion Cloud Procurement, has adaptive intelligence and GenAI that automate, augment, and optimize 
procurement processes. These AI capabilities are embedded deep into the procurement lifecycle (requisition to payment), 

constructed on the Oracle Fusion Cloud ERP platform. 

 

The AI functions of Oracle are shipping delay predictions, intelligent classification of spend, real-time risk analysis, and 

dynamic offering of volume or early payment discounts. Additionally, the system utilises prescriptive AI to suggest alternative 

suppliers based on their performance records and real-time market economics, thereby accelerating and enhancing the sourcing 

process. These features are closely intertwined with the ERP's core, allowing suggestions to be contextual, personal, and 

actionable. The technological innovation of Oracle aligns with industry trends in the broader context of automation, agility, and 

data-driven procurement. The pressure to find intelligent solutions in procurement is growing as organisations strive to navigate the 
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increasing complexity and geopolitical threats in their supply chains. The fact that Oracle has been proactive in integrating AI into 

procurement workflows indicates its leadership in this emerging field, and it will be one of the key players defining the use of 

prescriptive analytics in enterprise systems. 

 

3. Oracle Adaptive Intelligent Apps: System Architecture and Workflow 
3.1. System Overview and Deployment 

Oracle Adaptive Intelligent Apps will complement Oracle Fusion Cloud Procurement by offering a comprehensive, end-to-end 

AI-based decision support system. [7-10] this system architecture is made up of several functional layers that exchange data with 

the internal enterprise data and the external market sources to produce real-time, context-specific recommending procurement 

solutions. Figure 1 provides a breakdown of the system architecture, illustrating how Oracle AI applications receive input data and 

utilise machine learning models, which in turn serve as input to active workflows that procurement professionals can leverage. 

 

A variety of data sources are merged at the top of the system, including ERP transactions (e.g. purchase orders and invoices), 
supplier master data, non-organisational market-related data, as well as unstructured sources, such as social media and news feeds. 

This type of input ensures that the system accurately reflects the reality of operations and dynamic market signals. These data flows 

are absorbed into the Oracle AI Layer, and the first step of this process is a continuous learning pipeline that gathers, normalises, 

and cleans the data. This clean data is further processed through feature engineering and contextualization to make it ready for use 

in machine learning models that predict end-of-period pricing trends, assess supplier risk, and analyse historical performance. 

 

The main part of the system is the Recommendation Engine, where prescriptive intelligence is practised. This layer features a 

rule-based engine to implement procurement policies, a supplier scoring module that ranks vendors, and a negotiation strategy 

engine that suggests the best bargaining routes. The results of this engine are fed to the Optimal Decision Generator, which 

provides prescriptive advice in the form of alternative supplier suggestions, discount suggestions, and risk-adjusted order 

suggestions. These suggestions are channelled to the Oracle Procurement Cloud (Execution Layer), where the suggestions are 
exposed through a single procurement screen. This execution layer enables procurement users to access AI-generated insights in 

real-time, including initiating a new sourcing section, creating a requisition for authorisation, or raising a purchase order. The auto-

generation of AI-developed contracts containing dynamic discount clauses can also be done, which simplifies the entire 

procurement lifecycle. The Procurement Outcome Layer of the system captures and displays the practical intelligence at the level 

of decision-makers. Early payment incentives, discount alerts, and recommended supplier switching are just a few outputs offered 

alongside the procurement workflows, allowing users to easily perform prescriptive recommendations. This example of a closed-

loop system is an excellent illustration of how Oracle AI will enhance human decision-making by increasing speed, accuracy, and 

value within the procurement value chain. 

 

3.2. Data Ingestion: Internal and External Procurement Data 

Oracle's response to the existence of Oracle Adaptive Intelligent Apps and procurement begins with the power of ingesting 

both internal and external data. Data ingestion is a critical process since it will be the cornerstone of all other AI-driven opinions 
and decisions. [11-13] this system works internally, coupled with Oracle ERP modules and can retrieve quality transactional data, 

e.g., purchase orders, invoice histories, supplier master data, and contract records. This structured information is highly contextual 

and features a longitudinal profile of procurement trends, supplier behaviours, and spend categories across business units. 

 

Externally, the system receives dynamic data from various sources, including social and news feeds, suppliers' risk databases, 

market trend indicators, and economic indicators. These unstructured or semi-structured data types provide valuable insights into 

macro-level dynamics, such as geopolitical risk, the movement of money, and supplier reputation concerns, which may impact 

procurement outcomes. The Oracle AI layer features a built-in data ingestion engine that not only collects but also normalises and 

cleans this heterogeneous data. In this process, all datasets can be aligned and structured to support downstream machine learning. 

Such a hybrid functional strategy, a fusion of internal operational data with external intelligence, can ensure that decisions made in 

procurement are informed by 360-degree situational awareness. 
 

3.3. Machine Learning and Recommendation Engine 

Once the data has been cleaned and contextualised, it can be entered into the machine learning and recommendation engine —

the analytical system of Oracle Adaptive Intelligent Apps. The layer uses both supervised and unsupervised machine learning 

models to derive predictive intelligence and prescriptive suggestions. Using the information regarding procurement, the AI models 

identify pricing patterns, predict supplier risk, and categorise spending accordingly. Supplier performance is also measured in these 

models through evaluation of historical delivery periods, contract performance and quality ranking. 
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Figure 1: Prescriptive AI in Procurement using Oracle Adaptive Intelligent Apps – System Architecture and Decision 

Workflow 

 

These ML insights are utilised by the recommendation engine, which applies business logic using a prescriptive rule engine set 

to execute based on the organisation's procurement policies and thresholds. The suppliers are then ranked by a supplier scoring 
module that is a composite of risk, performance and cost-based criteria. In the case of negotiation activities, the negotiation 
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strategy engine considers possible routes. It identifies the most effective one, whether that involves early payment discounts, bulk 

order incentives, or other alternative sourcing directions. The Optimal Decision Generator applies the final step of decision-making 

by synthesising all the inputs to generate customised suggestions. These may include actions such as suggesting alternative 

suppliers, raising risk-adjusted orders, and initiating the negotiation process. 

 

3.4. Integration with Oracle Procurement Cloud 
Oracle Adaptive Intelligent Apps refers to their close integration with the Oracle Procurement Cloud, which allows easy 

implementation of AI-proposed recommendations. After the AI layer has identified ideal procurement actions, those 

recommendations are relayed to the Oracle Procurement Cloud interface, where they can be executed in real-time using a 

dashboard. This close integration allows for eliminating provider decision-making siloed and integrating it with the everyday 

routines of procurement employees. 

 

The Oracle Procurement Cloud offers modules such as requisition approval processes, sourcing management, supplier 

maintenance, and digital contracting. These are AI-enabled, and users can initiate sourcing processes, assess suppliers, and 

generate purchase orders using AI-recommended parameters. Options such as automatic contract creation with moving discounts 

and early payment incentive management enable procurement staff to implement prescriptive strategies with minimal human 

interference. This end-to-end integration flows through the entire process of procurement, insight generation, and execution, 

eliminating delays and reliance on manual analysis. Oracle has integrated prescriptive intelligence into the operational backbone of 
procurement to provide a highly responsive and fast procurement solution that adapts to evolving circumstances and delivers better 

business results by combining the power of intelligent automation with agile flexibility. 

 

4. Prescriptive Intelligence for Procurement Optimization 
Prescriptive intelligence is the most sophisticated and practical analytics in purchasing, going beyond predicting outcomes to 

suggest actions that the procurement professional needs to consider. In Oracle Adaptive Intelligent Apps, this intelligence is 
operationalised through the use of AI-generated decision recommendations, which leverage strategic and tactical procurement 

requirements. [14-16] Such suggestions are made based on a real-time data feed and machine learning-based suggestions, which 

are contextualized by an organization rule, goal, and external context. In this section, the article discusses how prescriptive 

intelligence adds value to procurement by addressing three core capabilities: identifying alternative suppliers, dynamically 

negotiating with suppliers, and making risk-based procurement decisions. 

 

4.1. Actionable AI Recommendations 

The prescriptive AI features of Oracle are explicitly designed to deliver procurement-specific decision intelligence to 

professionals in need of assistance, enabling the prompt transformation of these insights into actionable operations. These 

recommendations are dynamic and personal, and are recommendations in the user interface of Oracle Procurement Cloud, unlike a 

traditional dashboard or static report. This is not only to inform users of the risks and opportunities involved in procurement, but 

also to advise on the best course of action. AI generates these suggestions and continually learn and adapts according to the 
increasing information available. This enables procurement departments to identify potential disruptions and resolve them 

proactively, unlock cost savings, and align suppliers with business objectives. 

 

4.1.1. Alternate Supplier Suggestions 

Recommendation of alternative suppliers is one of the most important procurement applications of prescriptive AI, if an 

existing vendor is also displaying poor performance through delayed supply performance, or non-compliance and prompt warning 

of risks in the market data that the system algorithm will analyze alternative suppliers on its approved vendor list or even an 

external supplier. The supplier scoring module is then used to assess these suggestions based on performance history, reliability of 

deliveries, risk profile and cost competitiveness. 

 

As an illustration, when a major supplier is delayed due to geopolitical conflicts or supply chain issues, Oracle AI can alert 
developers well in advance and suggest an alternate supplier with a low risk score, yet with comparable delivery capabilities. The 

system will not only suggest the switch but also be able to initiate onboarding of supplier processes or send alerts to procurement 

departments, prompting them to review supplier contracts. This flexibility in supplier choice enables the organisation to maintain 

continuity and minimise interruptions in operations. 

 

4.1.2. Negotiation Strategy (e.g., Dynamic Discounting) 

The use of negotiation tactics is another reason why Oracle's prescriptive intelligence is highly beneficial. The AI also utilises 

its negotiation strategy engine to assist in identifying the optimal negotiation path for existing contracts, payment terms, and 

supplier behaviour. Dynamic discounting is one such tactic that is frequently suggested; in this tactic, the buyer provides a discount 
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(financial) to the supplier in consideration of early payment. Depending on future cash flow expectations and past supplier 

reaction, the system evaluates the availability of financial gain and the affordability of making early payments. Additionally, the AI 

can review past negotiation results and supplier sensitivity to suggest customised strategies, such as leveraging volume buying to 

secure price breaks or pooling buying across different departments. The recommendations are fed directly into Oracle's contracting 

and negotiation tools, enabling procurement teams to take immediate action. This eliminates the overhead associated with manual 

negotiations, provides faster speed of closing a deal, and frequently creates quantifiable cost reductions. 
 

4.1.3. Risk-Aware Procurement Decisions 

Risk-aware procurement forms a crucial part of the prescriptive Oracle AI. The AI constantly detects internal and external risk 

indicators, such as supplier financial stability and geopolitical events, to estimate the exposure risk associated with a particular 

procurement action. It then suggests changes to procurement plans that would minimise this exposure to risk without necessarily 

compromising quality or the delivery schedule. For example, in situations where pricing is volatile or the supplier is geographically 

unstable, the system may suggest making smaller, staggered orders or dividing procurement among several suppliers. It can also 

provide dynamic warnings regarding potential non-conformance with regulations or ESG (Environmental, Social, and Governance) 

risks associated with specific suppliers. The procurement dashboard features these alerts, enabling quick and risk-mitigated 

responses to decisions made by decision-makers. 

 

4.2. Decision Triggers and Execution Flow 

 
Figure 2: Decision Triggers and Execution Flow 

 

Oracle Adaptive Intelligent Apps are built on the principle of real-time decision triggers to alert, prepare, and activate specific 

procurement workflows upon the identification of predefined limits or anomalies. A constant flow of monitoring on internal ERP 

data and external triggers enables these decision triggers. As an example, the abrupt shift in the performance metrics of suppliers 
(e.g., late delivery or high prices) could act as an activator of suggestions regarding alternative suppliers. Equally, payment patterns 

or intense changes in commodity prices can encourage the AI to recommend renegotiation of contracts or to introduce a dynamic 

discount. 

 

When a trigger is activated, the system executes a well-planned set of steps that converts the AI recommendation into an actual 

procurement course of action. This process starts in the AI layer, and the data ingestion engine processes and consumes new 

information. This information is subject to business logic and machine learning models, and the recommendation engine provides 
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suggestions tailored to the specific context. These generate reports which are directed to the Oracle Procurement Cloud interface, 

where they are passed on to the procurement professionals through the dashboard. Users will then be able to transition to sourcing 

workflows, requisition approval, or automatically generate contracts based on AI recommendations. Such a continuous process of 

execution means that insights are not stuck in a silo; instead, they are generated after operational decisions are actively made by the 

procurement teams and acted upon in a timely and informed manner. 

 

4.3. Improvement in Procurement KPIs (Cost, Speed, Risk) 

The adoption of prescriptive AI in the Oracle spend management environment yields significant cost savings in critical 

procurement performance indicators (KPIs), with a particular focus on cost efficiency, process speed, and risk mitigation. 

Improvement of cost optimization is one of the most direct advantages. Oracle AI enables the reduction of procurement spending 

by recommending alternative suppliers, employing a dynamic discounting approach, and facilitating volume-based negotiations. 

Using early pay deals, buying in bulk from suppliers, or avoiding suppliers that represent a high risk can help organisations direct 

financial savings. 

 

Regarding the speed aspect, prescriptive AI is substantially shortening the purchase life cycle. Customary procedures for 

completing manual data dissemination, negotiation, and sanction can be narrowed down to hours, as compared to days. The 

efficiency of the procurement teams, which involves a significant reduction in delays induced by manual assessment of insights, 

means that requisitions can be approved much faster by the procurement teams, supplier enrollments can be completed in a matter 
of hours, and contracts can be managed on the fly. Reduction of administrative work by automating processes of the supplier 

scoring, risk evaluation, and discount calculation, enabling professionals to concentrate on the strategic decisions. There is also the 

issue of significantly improved risk management. Oracle AI maintains a continuous process of monitoring disruptions, including 

geopolitical unrest, supplier insolvency, or failure to comply with ESG requirements. The AI will send out warnings and 

recommend preventative mitigation plans, including using more consistent vendors or even dividing up procurement to limit 

exposure. The measures minimise the risk of being affected by supply chain shocks and regulatory fines, resulting in more robust 

and compliant procurement activities. Taken together, the combination of intelligent automation, real-time data analysis, and 

prescriptive guidance creates a more effective procurement system, as well as one that is more adaptive to change. The 

implementation of Oracle prescriptive AI tools can be measured in terms of an incremental improvement in procurement KPIs, 

which further helps businesses meet their broader business objectives, such as operational agility, profitability, and supply chain 

sustainability. 
 

5. Case Study: Deployment in a Real-World Procurement Scenario 
5.1. Industry and Use Case Description 

One of the most advanced corporate actors operating in the industrial manufacturing industry was interested in modernising 

and optimizing its procurement functions and decided to implement Oracle Fusion Cloud Procurement with embedded artificial 

intelligence (AI). [17-20] The company dealt with a complex worldwide supplier network, with such typical issues in procurement 

as long RFQ (Request for Quotation) cycles, ineffective manual methods of supplier selection, the inability to enforce their 
contracts, and the necessity to comply with multiple regional and corporate sourcing regulations. Such inefficiencies not only 

slowed the procurement process but also created risks in dealings with suppliers and compliance. 

 

To address these pain points, the company selected Oracle's prescriptive AI-based procurement solution to modernise its 

sourcing operations. The main idea behind the use case was the utilisation of Oracle AI to automate supplier shortlisting, enforce 

real-time policies, and provide dynamic support during negotiations. The company focused on AI because it could be incorporated 

into the workflows of the procurement process to decrease sourcing cycle time, increase contract accuracy, enhance compliance, 

and improve procurement results overall. The program also responded to corporate ambitions to achieve operational resilience and 

harmonise global supplier cooperation by utilising intelligent automation. 

 

5.2. Implementation Strategy and Timeline 
The organisation therefore employed a structured and phased deployment approach based on Oracle's rapid implementation 

framework. This approach enabled the firm to speed up the development of fundamental procurement modules, supplier integration 

portals, and sourcing processes. The first setting required minimal personalisation, with its processing based on pre-set templates 

and best practices provided by Oracle to simplify the implementation process and reduce the duration. The second stage involves 

integrating the embedded AI tools created by Oracle into major procurement processes. Intelligent supplier recommendations were 

enabled through vendor record history and risk and compliance background. Natural language processing (NLP) was utilised 

through the use of AI-driven policy analysis tools to parse contracts and identify any deviations from policy standards. 

Furthermore, real-time spend classification and policy check AI modules were integrated into sourcing processes to detect and 

report potential compliance issues as early as possible in the workflow. 
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Figure 3: Case Study Implementation Timeline & Phases 

 

Procurement staffwere also trained under the change management plan to enable them to read AI-generated insights, such as 
supplier risk scores and dynamic discounting recommendations. It was focused on ensuring that there was human-in-the-loop 

decision-making, and users could rely on and be confident in carrying out the AI recommendations. The project schedule was 

challenging yet sensible: the initial model, i.e., basic procurement capabilities, began to take shape as active operations within 

several weeks, whereas the full AI capabilities (including contract risk analysis and dynamic sourcing capabilities) took three to six 

months. 

 

5.3. Measured Improvements and Business Value 

The use of Oracle Adaptive Intelligent Apps in the procurement area provided businesses with tangible and measurable value 

across various business dimensions. Among other things that were celebrated was a decrease in the sourcing cycle time. The firm 

has automated supplier suggestions and simplified RFQs using AI, enabling supplier selection and contract completion to be sped 

up by multiple times in a matter of days, which used to take weeks in the past. Real-time enforcement of policies and automated 

examination of contract conformance also resulted in a significant enhancement of regulatory and internal policy enforcement. The 
system has helped reduce incidents of non-compliant purchases, minimised risk exposure due to unreliable suppliers, and 

contributed to overall contract governance. 

 

The efficiency of operations also increased. AI has automated numerous low-value, repetitive functions, including supplier 

pre-qualification and spend categorisation tasks, and has also enabled procurement groups to focus on strategic sourcing, supplier 

relationship management, and negotiating value. The transition not only promotes team productivity but also leads to better 

cooperation with suppliers and more favourable contract conditions. The other important outcome was cost savings. The company 

achieved significant savings on its purchases of goods as a result of optimising its supplier selection, implementing automated 

adherence, and recommending early-pay discounts. Further, the deployment made the global procurement operations scalable and 

consistent. Standardized processes, AI-driven workflows, funnelled less required dependence on personal decision-making and 

offered learning cycles to help the continued enhancement of processes. These advantages put the organization on a long-term path 
of procurement excellence, guided by data, intelligence, and speed. 

 

6. Performance Analysis and Evaluation 
Oracle Fusion Cloud Procurement, with built-in Artificial Intelligence, has demonstrated quantifiable results in maximising 

procurement processes by automating tasks, making data-driven decisions, and transforming perceptions into real-time insights. In 

this section, the results of the AI deployment are evaluated in terms of several key performance parameters, including cycle time, 

recommendation accuracy, compliance, user adoption, and cost efficiency. The subsections, as shown, present a detailed analysis 
with benchmark metrics and practice-level benefits of improvements achieved upon implementation of AI. 
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6.1. Benchmark Metrics 

The performance of AI-augmented procurement is measured using an informed set of standardised Key Performance Indicators 

(KPIs) that reflect both the operational efficiency and the strategic aspects of value creation. Such measures are: 

 Cycle Time Reduction: Estimation of the number of days between the start of the RFQ and the selection of the supplier. 

 Recommendation Accuracy: Percentage of the AI-recommended suppliers that are chosen and provide adequate 

performance. 

 Compliance Rate: The Amount to which purchases are made with validated supplier lists and internal policies. 

 User Adoption Rate: The percentage of procurement specialists who actively employ the AI-powered characteristics. 

 Cost Savings: Automation and optimised sourcing result in annual cost reductions in procurement-related expenses. 

 

The table below represents the quantitative improvement rates between pre-AI and post-AI deployment, as per the data in the 

industry and the Oracle documentation: 

 

Table 1: Impact of Prescriptive AI on Key Procurement Performance Metrics 

Metric Pre-AI Baseline Post-AI Implementation Improvement (%) 

Cycle Time (days) 12 7 41.7% 

Recommendation Accuracy 70% 89% 27.1% 

Compliance Rate 82% 96% 17.1% 

User Adoption Rate 58% 87% 50.0% 

Cost Savings (annualized) $1M $1.42M 42.0% 

 
These enhancements highlight how prescriptive AI is a transformational tool in contemporary procurement environments, 

leading not only to increased efficiency and cost reduction but also to enhanced compliance and end-user empowerment. 

 

6.2. Recommendation Accuracy and Relevance 

The clarity of supplier recommendations was also significantly improved, one of the most notable consequences of introducing 

Oracle Adaptive Intelligent Apps. Utilising the vast data pool of structured and unstructured information, such as the historical 

performance of their suppliers, risk ratings, historical delivery and pricing trends, the Oracle AI engine managed to provide highly 

contextual recommendations regarding vendor selection. 

 

The accuracy of their recommendation increased by more than 20% points to 89%, showing that a much greater percentage of 

suppliers recommended by the AI were still at or above expected performance than was the case when their recommendations were 

based on only 70% accuracy. An AI leap is explained by its capacity to analyse complex procurement patterns and offer 
information-based solutions more effectively than a subjective decision. The process of aligning organisational sourcing 

requirements with suitable suppliers has not only improved the results produced in Contracts, but also fostered long-term 

relationships with the suppliers. 

 

6.3. User Adoption and Satisfaction 

One of the important facilitators of AI efficiency in procurement is user adoption. Oracle Procurement Cloud includes AI 

capabilities built directly into the user interface, making them high-level and easy to use. The results of the post-deployment 

analysis indicated that user adoption of AI-powered features increased to 87% compared to 58%, providing direct evidence that the 

technology was not only beneficial but also understandable to the procurement teams. 

 

Besides the increased ease of adoption, user satisfaction levels, based on qualitative feedback, indicated an increase in 
satisfaction levels, mainly as a result of the elimination of manual processes, such as supplier shortlisting, contract clause 

verification, and compliance monitoring. Users also valued the embedded nature of AI, as they could act on the recommendations 

without having to switch to a different platform. Specific training programs enabled procurement employees to feel comfortable 

using AI insights and applying them to their work practices, which contributed to the overall ease of workflow and more informed 

sourcing decisions. 

 

6.4. Cost and Time Efficiency Gains 

The most immediate and practical benefits of the AI-incorporated Oracle procurement platform were evident in terms of time 

savings and cost-effectiveness. The RFQ-procurement cycle time, the period between issuing the RFQ and selecting the supplier, 

was reduced significantly by 41.7%, from 12 to 7 days, respectively. This generation was enabled by automating workflows, such 

as the distribution of RFQs, analysis of bids, and supplier evaluation risk. Simultaneously, the cost savings increased by 42% on an 



Partha Sarathi Reddy Pedda Muntala / IJAIBDCMS 2(1), 76-87, 2021 

 

85 

annualised basis due to improved negotiations with suppliers, automated discount enforcement, and a reduction in risky and non-

compliant vendors. Financial efficiency was also achieved, as spend classification based on AI and early payment optimisation 

played a part, enabling procurement departments to shift their operational emphasis from firefighting to long-term value creation. 

 

7. Discussion 
The implementation of Oracle Fusion Cloud Procurement, featuring a built-in prescriptive AI, demonstrates the potential of 

artificial intelligence to transform procurement from a transactional activity to a value-adding one, thereby elevating it to more 

strategic levels. The system's ability to automatically consume data, analyse risks, and suggest the best steps empowers 

procurement teams to make quicker and more informed decisions. Supplier recommendations based on AI, automated compliance, 

and real-time support during negotiations are not distant promises. Still, they can be utilised as operational tools to quickly improve 

cycle time, control costs, and manage risk. Its business value is evidenced by the combination of measurable performance increases 

in recommendation accuracy, user adoption, and cost savings resulting from the direct integration of AI into procurement 

workflows. 
 

Furthermore, technical ability is not the only factor that determines the success of such implementations, as effective change 

management plays a significant role. In the case study, human-in-the-loop decision-making, such as predictive modelling and 

numerical forecasting, is used in conjunction with intuitive AI tools and structured training, resulting in high levels of user 

adoption and satisfaction. This raises the issue of designing AI systems that, in addition to being robust, must also be usable and 

trusted. Although their share of success remains to be determined due to ongoing challenges, including data quality management 

and integrating AI output into evolving procurement policies, the evidence suggests that firms that have invested in prescriptive AI 

are currently in a strong position to establish more resilient, responsive, and cost-effective procurement systems. 

 

8. Future Work 
8.1. Leveraging Real-World and Multimodal Procurement Data 

Although performance is great with the current data types used in Oracle Adaptive Intelligent Apps deployment, utilising 

structured enterprise and market data, future innovations and research will look into the ability to integrate real-world data about 

procurement operations involved in larger segments of the industry. This may include supplier IoT (e.g., shipment telemetry), 

logistics, and real-time market feeds that can be used to refine the precise and timely nature of AI models. Additionally, 

multimodal data, such as scanned documents, logs of communication with suppliers, and even voice recordings of procurement 

calls, can be used to enhance supplier evaluation and risk forecasting. Such improvements would enrich the environment of AI-

supported decisions and enhance the transparency of suppliers throughout the acquisition process. 
 

8.2. Advancing Explainable and Ethical AI in Procurement 

Explainability and transparency will become increasingly important as AI systems assume a larger role in making procurement 

decisions. Additional research should aim to create AI models that provide understandable information on how supplier 

calculations are performed or why a specific vendor is proposed. Procurement professionals must be confident in the 

trustworthiness of AI recommendations that are fair, objective, and aligned with corporate values. This is particularly so in 

industries where regulatory oversight is high or where ESG (Environmental, Social, and Governance) commitments are significant. 

Future-proofing trust and compliance for users by designing ethical frameworks for AI that consider fairness, non-discrimination, 

and policy alignment will remain an important final approach. 

 

8.3. Longitudinal and Cross-Industry Evaluations 
Future studies should implement longitudinal research in various industry settings to determine the strength and flexibility of 

Oracle AI in the procurement field. Although a certain degree of returns is visible in industrial industries, it would be worthwhile to 

research how AI-driven procurement will fare in areas such as the healthcare industry, retail industry, and government 

procurement, which each come with distinct regulatory, operational, and sourcing complexities. These inter-industry comparisons 

may help design domain-specific AI models and provide insight into the evolution of procurement strategies in line with AI 

maturity. Such attempts would also help establish industry standards for AI performance and procurement optimisation. 

 

9. Conclusion 
Oracle Fusion Cloud Procurement integration with Adaptive Intelligent Apps is a great step towards applying prescriptive AI 

in enterprise procurement. The system also merges both internal ERP data and external market data to provide real-time, actionable 

recommendations using market intelligence information that leads to smarter sourcing decisions, increased compliance, and 

optimised negotiation outcomes. There is clear evidence that AI-driven procurement is far more transformative than other forms, 

based on case studies and performance analyses, which show measured increases in cycle time, cost reductions, the accuracy of 
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recommendations, as well as the extent of user adoption. The same results reveal not only the technical competence of the Oracle 

platform but also its alignment with the strategic vision of contemporary procurement organisations. As procurement becomes 

increasingly harder and more complex, to the extent that it becomes an organisation-wide operation, the use of smart, adaptive 

systems such as those by Oracle will be critical to achieving resilience, agility, and value on a long-term basis. Although certain 

difficulties still need to be addressed, including data integration, change management, and the explainability of AI, previous 

successful implementations provide a solid basis. Prescriptive AI is no longer a vision of the future; it is a present-day enabler of 
procurement excellence. 
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