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Abstract - The more complex and large the enterprise financial system becomes, the greater the opportunities to commit 

fraudulent activities. The Oracle Cloud ERP Financials, which is a very popular solution, is used to control key financial 

processes that include General Ledger (GL), Accounts Payable (AP), and Accounts Receivable (AR). Rule-based 

traditional fraud detection mechanisms are often unable to cope with changing forms of fraud, failing to identify subtle 

anomalies, or creating too many false positives. In the current paper, we are introducing a machine learning-based 

system of continuous fraud monitoring in Oracle Cloud ERP, where supervised and unsupervised machine learning can 

be used to spot suspicious behavior in real-time. The outlined system can integrate strongly with Oracle Fusion 

applications, as it will rely on data preprocessing, feature engineering, and advanced models in the cycle of random 

forests, isolation forests, and time-series anomaly detection. It tracks the pattern of transactions, user activities, and audit 
trail to identify anomalies in various financial modules. Case studies on synthetic ERP logs and real financial data 

demonstrate promising results, where accuracy and recall of more than 90 % as well as the mean detection latency, are 

recorded at less than two seconds. This strategy helps to eliminate much manual control, enhance detection accuracy, and 

provide a means of action by directly inserting intelligent fraud detection into the ERP environment. The findings show 

that financial control in the contemporary system of enterprises can be strengthened, and the risk exposure level can be 

reduced with the help of AI-based solutions. 

 

Keywords - Oracle Cloud ERP, Machine Learning, General Ledger (GL), Accounts Payable (AP), Accounts Receivable 

(AR), Anomaly Detection. 

 

1. Introduction 
Financial fraud is a serious risk in the current dynamic and fast-changing world of cyber banking, resulting in huge losses to 

organizations in various business sectors. As more cloud-based Enterprise Resource Planning (ERP) solutions like the Oracle 

Cloud ERP have been adopted, risk has also changed. Although such systems possess an increased level of scalability, availability, 

and automation, they also introduce new lines of susceptibility and fraudulent practices. Rule-based and reactionary traditional 

internal control systems cannot identify smart fraud patterns that may change over time. [1-3] Financial data volume is also 

increasing exponentially, and business processes are increasingly digitized, creating a need in organizations to have even more 

intelligent and adaptive solutions to sustain financial integrity and regulatory compliance. 
 

 In Machine Learning (ML) (artificial intelligence), there are potential tools that can be used in the detection and prevention of 

fraud in the financial systems. ML algorithms can provide an early warning about possible fraud due to their ability to find subtle 

patterns, outliers, and anomalies in historical and real-time data. Such a feature is especially useful within ERP modules: General 

Ledger (GL), Accounts Payable (AP), and Accounts Receivable (AR), which have large volumes of transactions and often involve 

multiple departments and organizations. 

 

Examples of fraud that might occur in these areas are fabricated vendor payments, multiple invoices, improper journal entries 

or misreporting of revenues. Identification of such activities sooner needs not only fixed rule-sets, but also a persistent in-progress 

method that adapts to new shapes and priorities. The following paper explores the implementation of machine learning into the 

Oracle Cloud ERP Financials to allow proactive fraud detection and prevention. It is aimed at setting constant monitoring of GL, 

AP, and AR actions, and advanced analytics will be used to identify unusual activity. Techniques such as supervised learning, used 
to classify transactions as fraudulent or not, unsupervised learning, which identifies anomalous transactions, and clustering, which 

segments behaviour into separate groups, are applied.  

 

The system can mark suspicious transactions to be further investigated.  The paper also analyses aspects of architecture proper 

to implement ML in a cloud ERP environment, challenges of data quality and model accuracy, as well as the impact of these 
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technologies through examples. It is aimed at demonstrating how an intelligent model of monitoring with the use of data can 

complement in-place controls, contribute to higher operational efficiency, and minimize the threat of financial fraud significantly. 

 

2. Related Work and Theoretical Foundations 
2.1. Traditional Fraud Detection Approaches 

Traditionally, organizations have been utilizing the rules-based systems and conventional statistics to identify financial fraud. 

The rules-based systems execute on preset business logic, alerting transactions that meet or surpass specified limits, on certain time 

sequences or involving unusual locations. Such rules are usually based on familiar fraud situations and regulatory requirements and 

permit organizations to react rapidly to apparent threats. Nevertheless, their major weakness is inflexibility; they cannot detect new 

patterns of fraud that cannot be detected according to the available rules. [4-6] It leads to a higher false positive rate and, more 

seriously, a false negative rate in which new or sophisticated fraud pattern schemes go undetected. 

 

More flexibility can be achieved with statistical approaches to regression analysis, trend analysis, and hypothesis testing, 
which assume normal behavior and essentially focus on induced deviations. The data mining functions can reveal secrets in the 

fiscal accounts and frequently serve to miter duplication, strange journal updating or odd payee instructions. These techniques are 

more dynamic than elementary rules, but they require excellent, clean and quality data and extensive manual involvement in terms 

of tuning and validation. In addition, they find it difficult to work on a real-time basis, requiring many firms to stay with manual 

review processes conducted by financial analysts and auditors. In the contemporary world of cloud ERP, these conventional 

approaches are not entirely helpful due to their lack of scalability and flexibility. 

 

2.2. Machine Learning in Financial Fraud Analytics 

Financial fraud detection has gained substantially through the introduction of machine learning. The ML models can process 

large amounts of data, generate trends of any hidden pattern and learn to change with time, unlike the fixed rules-based system. In 

supervised learning, the training of specific models is done on the data holding the history of fraudulent and non-fraudulent 
transactions, which should be labelled as such. Logistic regression, decision trees, random forests and Support Vector Machines 

(SVM) are typically used. These models perform well in classification problems, and in case labeled sets are other and 

appropriately curated, then their accuracy is high. 

 

Unsupervised learning is used to deal with those situations in which there is little or no labeled data. These models are capable 

of revealing outliers and anomalies that can be an indication of fraud by examining the patterns and groupings in the data. Methods 

such as k-means clustering, hierarchy clustering and isolation forests are useful in identifying frauds of unknown behavior and 

would therefore be very useful in conducting early-stage detection. Deep learning also extends the capabilities further, since some 

of the data that is handled is large, multidimensional, commonly in both structured rows and columns of ERP systems, as well as 

unstructured log files or documents. Neural networks such as convolutional neural networks and recurrent neural networks have a 

good promise to detect the intricate fraudulent behavior, but it is also computationally demanding and subject to thorough 

management of the models. In general, machine learning can provide an efficient, dynamic solution to older methods of fraud 
detection. It is very dynamic to keep learning from historical and real-time information, thus making it suitable in dynamic 

environments such as ERP systems. 

 

2.3. Oracle ERP-Specific Research and Gaps 

Research conducted in the area of fraud detection in ERP systems, specifically, in Oracle Cloud ERP, revealed several specific 

issues and areas of knowledge deficiency. ERP systems combine several business functions, such as procurement, finance, HR and 

inventory management. The consequence of this interconnectedness is huge amounts of heterogeneous data, which makes it harder 

to isolate the factor of fraud. Oracle Cloud ERP stores structured records, metadata, workflow logs, and user access histories, 

unlike traditional financial applications that deal with potentially narrow datasets; all of this information needs to be present in 

fraud analysis. 

 
 Although the prevention of fraud in an ERP system is highly important, in practice, the existing implementations are usually 

based on non-adaptive internal controls that include access privileges of the user roles, separation of duties, and internal auditing 

periodically. These controls, although required to be compliant, are usually not enough to detect complex or cross-module levels of 

fraud. Furthermore, the available ERP datasets accessible publicly in order to train and test ML models are left to be desired and 

have constrained the emergence of rigorous academic benchmarks and business applications specific to an ERP setting. 

 

Although certain studies have suggested scenario-based and rule-based monitoring of ERP logs, there is little convergence of 

advanced algorithms or ML knowledge in commercial ERP fraud detection solutions. In the case of Oracle Cloud ERP, 

specifically, there is little that has been written on the topic of real-time anomaly detection, continuous monitoring, and insights 
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being driven by ML. The current paper will aim to fill these gaps by suggesting a machine learning framework capable of 

functioning specifically in Oracle ERP Financials, targeting the General Ledger, Accounts Payable, and Accounts Receivable 

modules. The framework focuses on fraud detection based on data, transcending to contemporary controls, which can make 

predictive and preventive fraud detection feasible in cloud-native financial ecosystems. 

 

3. System Architecture and Methodology 
3.1. Oracle Cloud ERP Financials Overview (GL, AP, AR) 

 
Fig 1: Fraud Detection Process Workflow in Oracle Cloud ERP 

 

Oracle Cloud ERP financials is an integrated set of modules that assist in conducting fundamental financial functions using a 

cloud-based environment. [7-10] Its major features include General Ledger (GL), Accounts Payable (AP) and Accounts Receivable 

(AR). All financial transactions, together with journal entries, are centralized in the GL module. It keeps a track of financial 

transactions of the business units, consolidates accounts and enforces the accounting standards. The risks involved in this module 

are mostly related to unauthorized journal entries, period-end adjustment manipulation, or improper consolidation. 

 

The AP module covers the transactions conducted with vendors, such as the processing of vendor invoices, approvals and 
other payments. The possible frauds in the region relate to false vendors and fake or exaggerated invoices and payments without 

permission. The AR module, instead, handles the customer invoices, the collection of the money and the recognition of the 

revenue. These high-level patterns of fraud are early recording of revenues, also referred to as unallocated receipts, or even the 

reversal of invoices to hide the revenue misstatement. Collectively, the three modules pose high-risk organizations in terms of 

financial fraud, especially given their transaction amount and versatility. As permitted in Oracle Cloud ERP, they allow centralized 

oversight and auditability and present some opportunities to use machine learning to identify anomalies and irregularities before 

they occur. 

 

3.2. Data Collection and Preprocessing 

Fraud detection starts with solid data acquisition and preparation. Oracle cloud ERP creates tons of structured data within its 

financial applications, such as journal entries, invoice documents, vendor/customer accounts, approval journals, and payment 
transactions. This information is usually pulled in using REST APIs, Oracle Transactional Business Intelligence (OTBI), or direct 

database access (in case of access and integration arrangements). After the data have been collected, they should undergo intensive 

preprocessing to ensure consistency and quality. Preprocessing may consist of, but is in no way limited to, missing values, 

inconsistent values, standardization of dates and currencies, and normalization of categorical variables, e.g. user roles, type of 

transactions or categories of vendors. 

 

 There is also the timestamping of transactions and the assigning of unique identifiers to them to allow tracking of those 

transactions. With such variety in the data source related to ERP, data cleaning and data consolidation are important to prevent 

misleading results. Moreover, where possible, past fraud tags are also added to construct training samples for supervised ML 

models. In unsupervised methods, data preprocessing will involve outlier removal and scaling so that the algorithms are sensitive 

to authentic anomalies as opposed to problems in the quality of the data. 

 

3.3. Feature Engineering for Financial Transactions 

The transformation of raw ERP data into indicators of whether data is at high or low risk of fraud is the focus of feature 

engineering. The aim is to generate and compile features which reflect the behavioral, temporal, and relational features of financial 

transactions. Typical items built in are the frequency of transactions per user or vendor, average payment amounts, inconsistency of 

invoice timings, delays in approvals and deviations of standard account combinations. Ratios like the amount of invoice over 

average spend on vendors or the time of payment and due date may become major indicators of wrongdoing. 
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Features that involve time are more special in detecting fraud. As an example, a lot of transactions in non-work hours or an 

excessive number of approvals within a short timeline could indicate that it is not a legitimate activity. Rolling averages, trend 

slope, or lagging functions can also be used to capture historical trends and unexpected behavioral variations. Collusive behavior 

across modules may be detected through network-based features, e.g., relations between users and vendor or approver clusters. 

These engineered features are utilized in unsupervised models to allow clustering and the detection of anomalous transactions that 
are very far away in their behavior compared to other transactions. To enhance performance, dimensionality reduction methods 

such as Principal Component Analysis (PCA) can be used, particularly in the cases of high-dimensional feature sets. The 

importance of features is also validated with care through techniques such as permutation testing or SHAP values so that they are 

interpretable. Finally, a perfectly designed feature can improve ML model power to spot fraud with high precision and a low false-

positive rate in a cloud ERP model. 

 

3.4. Machine Learning Models Used 

 

 
Fig 2: Machine Learning Pipeline for Fraud Detection 

 

Regarding the strategy of Oracle Cloud ERP financial data, a combination of various machine learning models is used to 

identify fraud quite effectively through high-volume and variable transactional data. [11-14] The modeling approach is meant to 

encapsulate the already known fraud patterns as well as the arising, never-before-witnessed anomalies. The types of models used, 

as well as the reasons why these models were used, are outlined in this section. 

 

3.4.1. Supervised vs. Unsupervised Learning 

The use of labeled data forms the main difference between supervised and unsupervised machine learning models. Models in 
supervised learning are trained using historical data on unequivocally identified outputs, such as fraudulent and legitimate 

transactions. This allows classification to be carried out with a good degree of precision, assuming the data to be well-labelled and 

representative. External supervised methods are common and include logistic regression, random forests, and Gradient Boosting 

Machines (GBM). The models are preferred because of the model interpretability, scalability, and capability to manage a 

combination of numerical and categorical data. Supervised learning works best when previous fraud cases are documented, and 

thus predictive modeling can be undertaken using previous results.  

 

The unsupervised learning differs, however, in that it finds use in ERP settings in which there are few, poorly labeled or 

unknown cases of fraud. These models are oriented at detecting anomalies, i.e., transactions that are not normal. Such techniques as 

k-means clustering, DBSCAN, and autoencoders help cluster similar transactions and mark those that act unusually. The methods 

do not need labeled data, which is why they can be used in the field of continuous, real-time fraud monitoring, where new patterns 

are continuously emerging. Real-world practice has shown that a hybrid solution can be the best--supervised models when a 
labeled data is present and supplementing the model with some unsupervised anomaly detection to flag potential anomalies we do 

not know about or that are currently changing. 

 

3.4.2. Outlier Detection 

Fraud analytics in ERP systems is also centered on the idea of selecting and identifying outliers because, in most cases, the 

fraud can be represented by deviant behavior from the regular operational patterns.  

Isolation Forests is among the popular algorithms used for this purpose, and it is an algorithm based on identifying rare and 

different data points. The algorithm functions by identifying the outliers rather than the profiling of normal data, thus making it 
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especially suited for large-scale ERP transaction logs, which exhibit very imbalanced classes.  Other useful methods are Local 

Outlier Factor (LOF), which computes the local variation against the density of a transaction with respect to its neighbours and a 

One-Class SVM, which estimates the boundary of normal data types and reports abnormalities. These models can be used in 

engineered areas such as deviation of transaction amounts, abnormal GL account combinations or anomalous vendor payments. 

The main problem with outlier detection lies in the reduction of false positives, raising a warning on rare but valid transactions. To 

resolve this issue, local knowledge and contextual filters are employed to filter alerts, and only then is a fraud investigation 
prompted. In Accounts Payable, detection of anomalies due to irregular invoices with vendors or unapproved workflows of 

payments is often a high indicator of fraud attempts. 

 

3.4.3. Time-Series Anomaly Detection 

Time-series anomaly detection is an important modeling layer for many of the fraudulent activities in ERP systems because 

they evolve with time. It is a method that examines trends, the seasonal nature and sudden fluctuations in financial indicators and 

marks aberrant activities. As an example, an uncharacteristic surge in invoice approvals, revenue entries or payments around 

period-ends can be a sign of manipulation or misreporting. Forecasting of the expected values based on the historical patterns is 

carried out by time-series models, including ARIMA (AutoRegressive Integrated Moving Average) and Exponential Smoothing. 

Results that are not within statistical confidence numbers are presented as possible anomalies.  

 

More sophisticated models, such as LSTM (Long Short-Term Memory) networks, a subclass of recurrent neural networks, 
have the property to learn temporal relationships among multiple variables and are particularly useful when trying to learn irregular 

patterns in transaction sequences. Time-series models can be beneficial in Oracle Cloud ERP when scrutinizing General Ledger 

modifications on a time-series or where observations of Accounts Receivable are made with regard to how customers pay, and 

receive payments ultimately. Integrating these models into real-time dashboards will allow finance departments to be noticed of 

temporal anomalies before finalizing financial statements. 

 

3.5. Architecture of the Monitoring Framework 

A monitoring framework to detect and prevent financial fraud in Oracle Cloud ERP will be able to support real-time data 

ingestion, anomaly scoring, and actionable intelligence to conduct fraud investigations. Fundamentally, the framework intertwines 

a variety of elements of the Oracle Cloud ERP, including the General Ledger (GL), Accounts Payable (AP), Accounts Receivable 

(AR), with user logs and audit trails. These data flows are transmitted via a centralized data extractor, normalizing the information 
and preparing it to be put into use.  

 

The collected data goes through its machine learning pipeline that starts with a data ingestion and preprocessing step. The step 

is vital in cleansing, formatting and aligning modules when it comes to transactional record cleaning. Then, a feature engineering 

module infers behavioral and statistical supervised indicators on raw data, i.e. timing of transactions, user roles, approval chain, 

and financial limits. Machine learning models use these features as input for detecting anomalies and trends, usually involving 

fraud. 

 

The system itself will be based on several ML models, like Isolation Forests, Autoencoders, and Random Forests and trained 

to rate anomalies in financial transactions. These scores are interpreted, alerted upon by the anomaly detection engine, and sent to 

cases of high fraud risk to downstream systems. It also connects to a model monitoring and drift detection component that 

constantly assesses the performance of the models and re-trains the models should distributions of data or distributions of fraud 
change over time.  

 

The outcome of the detection layer is channeled to an administration and governance module. This component will issue the 

notification to stakeholders, implement SOX compliance policies and prompt an access control review in situations where 

suspicious activity is related to a privileged user account. The process is also completed by giving investigators a fraud analytics 

and visualization console, which includes dashboards, fraud heatmaps, and alerting systems (over SMS, email, or Oracle 

notifications).  

 

Users can log in as fraud cases, and through this interface, the user is in a position to take investigative actions and log the 

findings in an audit trail generator, which is a guarantor of transparency and accountability. As shown in the Figure, this 

architectural design shows how a combination of ERP transaction monitoring with an intelligent fraud detection mechanism can be 
integrated easily. It highlights a feedback loop, using the results of investigations to iteratively improve the models and rules, 

making the system smarter and more adaptive over time. 
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Fig 3: System Architecture for Fraud Detection in Oracle Cloud ERP 
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4. Implementation in Oracle Cloud ERP 
Fraud detection software inside Oracle Cloud ERP would need data integration combined with real-time monitoring, and the 

application of machine learning models within the Oracle ecosystem. [15-18] Oracle Fusion applications can perform this 

implementation well, and they have a modular and API-based architecture that simplifies the integration of advanced analytics. In 

this section, we describe the Ingestion of financial data and monitoring across periods of real time, as well as the deployment of 

machine learning models with either Oracle-native tools or pipelines that are built. 

 

4.1. Data Integration with Oracle Fusion 

Oracle Cloud ERP is built in an extensibility/interoperability architecture that is based on Oracle Fusion Applications. The 

phase of data integration starts with the secure access to Fusion Financials modules, especially General Ledger (GL), Accounts 

Payable (AP), and Accounts Receivable (AR). Integration is normally done with the assistance of Oracle REST APIs and Business 

Intelligence Publisher (BI Publisher), which allows retrieving transactional data, audit logs, and records of user activities 

automatically. 
 

The data that was extracted is sent into a central pipeline where it is normalized and further enriched to be analyzed 

downstream. These data flows can be automated with the help of Oracle Integration Cloud (OIC) or Oracle Data Integration 

Platform Cloud (DIPC). The most significant issue in this step is the consistency of data on different modules and the traceability 

of the data through data lineage. There is also metadata recorded pertaining to the status of workflow, position of various users in 

the workflow and user authorities of approval hierarchies, which adds greater context to each transaction. 

 

4.2. Real-time Monitoring and Model Deployment 

The system should enable the ongoing streaming of data and real-time scoring of transactions to detect potentially occurring 

fraud. Stream event processing is supported by Oracle Stream Analytics or third-party services like Apache Kafka, which are 

integrated with Oracle Cloud Infrastructure (OCI). The ERP system generates or approves transactions, upon which scores are 
raised against trained machine learning models. 

 

Modeling deployment will be done through the AI/ML functionality provided by Oracle or through the integrations of scoring 

functions into microservices run on Oracle Kubernetes Engine (OKE) or OCI Data Science. These services publish endpoints that 

can be called by ERP applications to get real-time fraud scores. Fraud alerts may be automatically directed to Oracle Fusion Alerts 

composer or Oracle Notification Service to generate compliance team notices or an action workflow. The principle of real-time 

monitoring is to keep the latency between the time of transaction and the model scoring low, and not to have the logic of fraud 

detection suffer a degradation of the ERP systems. 

 

4.3. Use of Oracle AI/ML Tools or Custom Pipelines 

Oracle has a number of AI and machine learning applications that may be applied to create and deploy models of fraud. OCI 

Data Science allows model training and serving, and supports trendy frameworks such as Scikit-learn, TensorFlow, and PyTorch. It 
also offers collaborative experience through Jupyter Notebooks, version control and GPU acceleration which makes it appropriate 

in prototyping and deploying at an industrial level. 

 

Instead, companies can develop their unique ML pipelines with the help of open-source technologies and combine them with 

the Oracle Cloud infrastructure. Such pipelines can also utilize such services as Object Storage, Data Flow (Apache Spark), and 

Functions-as-a-Service (Oracle Functions) to support fully automated data science pipelines. This strategy can be especially helpful 

when there are regulatory or industry needs to exercise greater control over model understandability, data management or 

protection. The decision between Oracle-native tools and custom-built pipelines also relies on the technical maturity of an 

organization, as well as its regulatory limitations and the complexity of the fraud detection needs. Either way, the final objective is 

the same: to provide smart, flexible fraud detection and have it tightly integrated with the working processes of Oracle Cloud ERP. 

 

5. Case Study / Experimental Results 
This section reports the case study and experimental analysis of the machine learning powered fraud detection framework used 

on Oracle Cloud ERP Financials. [19,20] This assessment targets fraud scenarios in General Ledger (GL), Accounts Payable (AP), 

and Accounts Receivable (AR), real-life and synthetic ERP logs. The aim is to illustrate how the system can detect suspicious 

financial activity and the effects it has on business operations. 
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5.1. Fraud Scenarios in GL, AP, and AR 

Oracle Cloud ERP Financials is a fully integrated solution, and complex and high-volume transactions take place across 

multiple modules, that is why it is the best target of financial fraud. Using machine learning models that are trained using past and 

simulation data, some sensitive fraud scenarios have been detected and tracked accordingly. 

 Frauds committed in the General Ledger (GL) usually relate to the absence of authorization to make the Journal entries or 

adjustments aimed at manipulating financial results made at the end of the period. Cases like the creation of false accounts 
or unauthorized transfer of balances are labeled in anomaly detection models using training constructed to detect deviance 

from normal accounting habits. 

 The Accounts Payable (AP) module is particularly susceptible to manipulation of payments. Some examples of fraud 

cases involve multiple copies of invoices, inappropriate hiring of vendors, and manipulation of payment authorization 

processes. Anomalies detectable by models are discrepancies in the vendor behavior, out-of-the-ordinary alterations in 

payment trends and audit trail anomalies. 

 Accounts Receivable (AR) has risks factor devices such as invalid customer accounts, invalid credit memos irregular 

write offs all of which attempt to disguise hijacked cash purchases. Machine learning models discern these behaviors by 

determining regular customer interaction habitual profiles and contrasting them with outliers. 

 

These fraud detection features can also be bolstered by synthesis to automate workflows that initiate alerts and launch reviews. 
This makes it possible for instances of potential fraud to be detected early on, with limited reliance on manual verification 

methods. 

 

5.2. Accuracy and Precision of Detection 

The performance of the system is measured in terms of important machine learning performance indices, especially precision, 

recall, F1-score, and AUC-ROC. These KPI help determine how accurately the system will detect fraudulent transactions with the 

fewest false negatives and positives. Its results show strong accuracy and endurance on different datasets, synthetic and real-world. 

 

Table 1: Detection Metrics Across Datasets 

Dataset Precision Recall F1-Score AUC-ROC 

Synthetic ERP (multi-dept) 0.95 0.92 0.93 0.96 

Vesta Financial Transactions 0.96 0.91 0.93 0.97 

SAP-ERP Simulated Logs 0.90 0.89 0.89 0.95 

 

High precision (95, 96%) means that, in most cases, transactions identified as fraud-prone turned out to be fraudulent, thus 

minimizing the chances of false alarms. When the recall rate is 91-92 percent, the system demonstrated that it can identify most of 

the fraud cases. F1-score 0.93 indicates the precision and recall balance, and an AUC-ROC of 0.97 indicates good results in 

separating fraud and non-fraud activities. 

 

 
Fig 4: Graphical Representation of Detection Metrics Across Datasets 
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5.3. Performance Benchmarks and Latency 

The system is also designed to support fraud detection within near real-time, an essential requirement for high-frequency 

financial domains like Oracle Cloud ERP. These performance benchmarks demonstrate that the system can scale with transaction 

throughput and have low latency. 

 

Key Performance Indicators: 

 Mean Latency on Detection: Less than 2 seconds per transaction. 

 Transaction Throughput: Minutes per Thousand of transactions. 

 System Scalability: Horizontal scalability with the help of a cloud-native microservices structure. 

 Speed of integration: Smooth system startup in the Oracle Fusion Applications. 

 

The latency of scoring the transactions is low, and this empowers organizations to take immediate actions and cause the 

reviews of the accesses or block payment before fraud can be achieved. Additionally, model monitoring ensures accuracy over a 

long period, and retraining may be activated automatically by drift detection components. 

 

5.4. Business Impact and Prevention Metrics 

Practical effects on financial governance and operating efficiency have emerged as a result of the deployment of AI-based 
anti-fraud in the functioning of the Oracle Cloud ERP. The real-time nature of the machine learning system has not only minimized 

the risk of losses that would be accrued due to fraud related causes in the organization, it has also improved the efficiency of 

internal audit and compliance procedures. 

 

Table 2: Business Impact Metrics 

Metric Result/Impact 

Fraud Risk Reduction Significant decrease in financial losses 

Manual Review Time Reduced by over 50% 

Detection Coverage 100% of transactions monitored 

Cost Savings Lowered operational expenses 

 

Most important is the real-time mitigation of the risk of fraud, in that fraudulent transactions are blocked before funds are 

issued or records are compromised. Moreover, the system relieves pressure on the internal auditors and the risk teams, as it 

automates the process of detection. This automation further saves on costs through the reduction of man-hours on manual 
inspections. Moreover, every transaction is constantly analyzed and, hence, there is an all-embracing scope that cannot be provided 

by the traditional rule-based systems. 

 

6. Discussion 
Fraud detection in Oracle Cloud ERP Financials through the application of machine learning provides a method to manage risk 

that is transformational rather than limiting it to introducing rules-based systems. The system can identify both familiar and novel 

patterns of fraud through a combination of supervised and unsupervised models. This is especially important in the case of 
complex ERP environments, where fraud may cover various modules and be based on minor behavioral violations. The ML 

framework uses historical transaction data, logs of user activity and audit trails to learn a contextual model of how things were 

supposed to work and therefore it can detect deviations with high precision and recall. 

 

There are a number of challenges. Supervised models rely on clean and labeled data, and this may restrain the model's 

performance, especially in those organizations with short histories of fraud. Furthermore, to sustain the accuracy of the models in 

the long term, it is important to regularly monitor and retrain them in response to concept change and fraud methods. Transparency 

in AI-driven decisions is another vital factor because interested parties need to trust that the system is telling the truth. In that case, 

explainable AI (XAI) elements need to be integrated to justify the fraud alerts. 

 

7. Future Work 
In further research on machine learning-based fraud detection in Oracle cloud-SOA ERP financials, future research 

professionals need to work toward making model explainability and user trust by incorporating Explainable AI (XAI) frameworks. 

Because fraud detection systems are becoming more sophisticated in their use of complex algorithms (autoencoders, neural 

networks), it is necessary to have an explanation as to why anomalies were flagged so that the human can understand. This would 

assist teams that drive finance and auditors to understand the output and act quicker, and refine models on the basis of expertise in 
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the domain. Furthermore, the user's ability to input a false positive and rightful exception to retrain and optimize the models under 

specific circumstances through feedback loops would greatly enhance accuracy and flexibility. 

 

Combining external sources of data with real-time behavioral analytics is also another promising area. Working to improve the 

current version of the fraud detection system, it may nevertheless introduce external credit risk data, public blacklists, and even 

social signals to determine the legitimacy of transactions more comprehensively. Federated learning and privacy-preserving AI will 
also allow appending collaborative fraud detection without exchanging sensitive data across enterprises. Finally, building on 

preliminary research on complex time-series forecasting models (such as LSTM or Transformer-based architectures) and graph-

based techniques to discover collusive behavior among users or departments is another way forward to empower proactive fraud 

prevention strategies in the Oracle ERP environment. 

 

8. Conclusion 
The current research confirms the efficiency of machine learning as a tool that helps to identify financial fraud and prevent it 

in Oracle Cloud ERP Financials. The proposed framework has a real-time fraud detection capability because of constant tracking 

of transactions done through General Ledger, Accounts Payable and Accounts Receivable, which is better than the rule-based 

methodology. The combination of supervised and unsupervised models has the advantage that the system is capable of maturing as 

the fraud patterns change and detecting minor anomalies which might not be caught by review by a person or static controls. The 

practicality and robustness of the approach are confirmed by the high level of precision and recall, as well as low latency 

measurements made on different datasets. Exploiting AI-based fraud detection in Oracle Cloud ERP not only supports financial 

controls but also improves business process performance, as fewer individuals have to manage the process manually, and response 

times become quicker. Faced with the increasing number of enterprises that are transferring key processes to the cloud, integrating 

intelligent, autonomous fraud prevention becomes a necessity in terms of protecting the assets as well as remaining regulatory 

compliant. The challenges, including explainability, data quality, and model retraining, remain. Still, the results point to an 

encouraging way ahead, where the advanced analytics and intelligent automation processes in concert go on to safeguard financial 
integrity at scale. 
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