
 

 

Page 90 Vol 15 Issue 03, March 2026 ISSN 2456 – 5083 

  

        

    

 

                       

     

A Machine Learning Framework For Detecting Financial Fraud In Business 

Systems  
1Dravani Prasad,2Maruvapalli Navya Sree,3Mekala Sneha Latha, 4M. Sai Jyoshna, 5Pendum Reena Rishmitha 

1Assistant Professor, Department of Computer Science & Engineering, Dr. K.V. Subba Reddy Institute of Technology 

2,3,4,5 B. Tech Student, Department of Computer Science & Engineering, Dr. K.V. Subba Reddy Institute of Technology 

ABSTRACT 

Financial fraud has become a major threat to business organizations due to the rapid growth of digital 

transactions and online financial services. Traditional rule-based fraud detection systems are often ineffective 

in identifying complex and evolving fraudulent patterns. This dissertation proposes a machine learning-based 

framework for detecting financial fraud in business systems by analyzing transactional data and identifying 

suspicious activities. The framework employs data preprocessing, feature engineering, and supervised and 

unsupervised machine learning algorithms to classify transactions as legitimate or fraudulent. The proposed 

system aims to improve detection accuracy, reduce false positives, and provide early alerts to prevent financial 

losses, thereby enhancing the security and reliability of business financial operations. 

Keywords: Fraud Detection, Business Finance, Machine Learning, Supervised Learning, Financial 

Transactions, Classification, Ensemble Methods, Data Imbalance.

I. INTRODUCTION 

With the expansion of e-commerce, digital banking, 

and online payment platforms, businesses generate 

massive volumes of financial transaction data daily. 

Fraudsters continuously exploit system 

vulnerabilities, making fraud detection increasingly 

challenging. Machine learning offers powerful 

techniques to analyze large datasets, learn complex 

patterns, and identify anomalies that indicate 

fraudulent behavior. By leveraging historical 

transaction data and advanced learning algorithms, 

machine learning-based fraud detection systems can 

significantly improve detection accuracy and reduce 

financial losses in business environments. 

II. LITERATURE SURVEY 

1. Title: Credit Card Fraud Detection Using 

Machine Learning 

Authors: Dal Pozzolo et al. 

Description: 

This study explores machine learning techniques for 

detecting credit card fraud and highlights challenges 

such as class imbalance and evolving fraud patterns. 

2. Title: A Survey of Fraud Detection Techniques 

in Financial Systems 

Authors: Phua, Lee, Smith, and Gayler 

Description: 

The authors provide a comprehensive review of data 

mining and machine learning methods used for 

financial fraud detection. 

3. Title: Anomaly Detection for Financial Fraud 

Using Machine Learning 

Authors: Chandola, Banerjee, and Kumar 

Description: 

This research focuses on anomaly detection 

approaches to identify unusual transaction behavior 

indicative of fraud. 

4. Title: Machine Learning Models for Financial 

Fraud Detection 

Authors: Bahnsen et al. 

Description: 

The paper discusses cost-sensitive learning 

approaches to improve fraud detection accuracy 

while minimizing financial loss. 

5. Title: Intelligent Financial Fraud Detection 

Systems: A Review 

Authors: Ngai, Hu, Wong, Chen, and Sun 

Description: 



 

 

Page 91 Vol 15 Issue 03, March 2026 ISSN 2456 – 5083 

  

        

    

 

                       

     

This review highlights intelligent techniques, 

including neural networks and ensemble learning, for 

effective fraud detection in financial systems. 

III. EXISTING SYSTEM 

Existing fraud detection systems in business finance 

are primarily based on rule-based methods, manual 

audits, and traditional statistical techniques. These 

systems depend on predefined thresholds and expert-

defined rules to identify suspicious transactions. 

While effective for known fraud patterns, they lack 

adaptability and struggle with large-scale data, 

resulting in delayed detection and poor performance 

against new fraud strategies. 

IV. PROPOSED SYSTEM 

The proposed system introduces a machine learning-

driven fraud detection framework that automatically 

learns patterns from historical business transaction 

data. The system applies data preprocessing, feature 

selection, and machine learning algorithms such as 

Random Forest, Support Vector Machine, and 

Isolation Forest to identify fraudulent activities. By 

continuously learning from new data, the system 

adapts to emerging fraud patterns and provides real-

time fraud alerts, improving overall detection 

efficiency. 

V. SYSTEM ARCHITECTURE 

The proposed system architecture for Fraud 

Detection in Business Finance Using Machine 

Learning is designed as a multi-layered and scalable 

framework that enables real-time and batch-based 

fraud analysis. The architecture begins with the Data 

Collection Layer, where financial transaction data is 

gathered from multiple sources such as banking 

systems, online payment gateways, enterprise 

resource planning (ERP) systems, and digital 

business platforms. This raw data includes 

transaction amount, timestamp, customer profile, 

location, device information, and historical 

transaction records. The collected data is then passed 

to the Data Preprocessing Layer, where data 

cleaning, missing value handling, normalization, 

encoding of categorical variables, and outlier 

detection are performed. Since financial datasets are 

often imbalanced, techniques such as SMOTE 

(Synthetic Minority Over-sampling Technique) or 

undersampling are applied to balance fraudulent and 

legitimate classes. 

After preprocessing, the system enters the Feature 

Engineering and Selection Layer, where relevant 

features are extracted and optimized using statistical 

methods and correlation analysis to improve 

prediction accuracy and reduce computational 

complexity. The refined dataset is then fed into the 

Machine Learning Model Layer, which includes 

multiple supervised learning algorithms such as 

Logistic Regression, Decision Tree, Random Forest, 

Support Vector Machine, and Gradient Boosting. An 

ensemble approach may also be implemented to 

combine predictions from multiple models for 

enhanced robustness and accuracy. The trained 

model is validated using cross-validation techniques 

and evaluated based on performance metrics such as 

accuracy, precision, recall, F1-score, and ROC-AUC. 

The architecture also incorporates a Real-Time 

Detection Engine, where incoming financial 

transactions are instantly processed through the 

trained model to classify them as fraudulent or 

legitimate. If a transaction is predicted as fraudulent, 

it is flagged and forwarded to the Alert and Response 

Layer, which notifies administrators or financial 

analysts for further investigation. Additionally, the 

system maintains a Feedback and Model Update 

Layer, where confirmed fraud cases are stored in the 

database and used for periodic model retraining to 

adapt to evolving fraud patterns. This continuous 

learning mechanism ensures scalability, adaptability, 

and improved detection performance over time. 

Overall, the architecture provides a secure, efficient, 

and intelligent framework for minimizing financial 

risks and strengthening business fraud prevention 

mechanisms. 
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Fig 5.1: Structure of the Proposed System 

The image illustrates a complete machine learning 

workflow for analyzing a CC (credit card) dataset 

from start to end. The process begins with collecting 

the CC dataset, which is then subjected to 

preprocessing to clean the data, handle missing 

values, normalize features, and prepare it for 

analysis. After preprocessing, the system verifies 

class imbalances using the Matthews Correlation 

Coefficient, which is especially useful for evaluating 

performance on imbalanced datasets. Next, a 

correlation matrix is plotted to understand 

relationships between features, and the dataset is 

divided into training and testing sets. The prepared 

data is then fed into a machine learning method for 

model training and prediction. Next, a correlation 

matrix is plotted to understand relationships between 

features, and the dataset is divided into training and 

testing sets. The prepared data is then fed into a 

machine learning method for model training and 

prediction. Next, a correlation matrix is plotted to 

understand relationships between features, and the 

dataset is divided into training and testing sets. The 

prepared data is then fed into a machine learning 

method for model training and prediction. Next, a 

correlation matrix is plotted to understand 

relationships between features, and the dataset is 

divided into training and testing sets. The prepared 

data is then fed into a machine learning method for 

model training and prediction. Finally, performance 

parameters such as accuracy, precision, recall, and 

other metrics are calculated with feedback from 

previous steps to refine the model, concluding the 

workflow with an evaluation of the overall system 

performance. 

VI. IMPLEMENTATION 

 

Fig 6.1: Data Preprocessing & Dataset Overview 

 

Fig 6.2: Model Training & Evaluation 

 

Fig 6.3: Real-Time Fraud Detection Interface 

 

Fig 6.4: Performance Visualization Dashboard 
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VII. CONCLUSION 

This project successfully presents a machine 

learning–based framework for detecting financial 

fraud in business systems by leveraging historical 

transaction data and intelligent classification 

techniques. The proposed system integrates key 

stages such as data preprocessing, feature 

engineering, class imbalance handling, and machine 

learning model training to accurately distinguish 

fraudulent transactions from legitimate ones. By 

employing multiple algorithms and evaluating their 

performance using metrics such as accuracy, 

precision, recall, F1-score, and Matthews Correlation 

Coefficient, the framework ensures reliable and 

balanced fraud detection even in highly imbalanced 

datasets. 

The results demonstrate that machine learning 

techniques significantly enhance the ability to 

identify suspicious financial activities compared to 

traditional rule-based systems. The framework is 

scalable, adaptable, and capable of supporting real-

time or batch transaction analysis, making it suitable 

for modern business environments. Overall, this 

system contributes to improved financial security, 

reduced monetary losses, and increased trust in 

digital business transactions by providing an 

effective and intelligent fraud detection solution. 

VIII. FUTURE SCOPE 

The future scope of this machine learning framework 

for financial fraud detection lies in enhancing its 

adaptability, intelligence, and real-time capabilities. 

Advanced deep learning models such as recurrent 

neural networks (RNNs), long short-term memory 

(LSTM) networks, and graph neural networks 

(GNNs) can be integrated to capture complex 

temporal and relational patterns in transaction data. 

The system can be extended to support real-time 

streaming analytics using big data technologies, 

enabling instant fraud detection in high-volume 

business environments. Incorporating explainable AI 

(XAI) techniques will improve transparency and trust 

by helping analysts understand why a transaction is 

classified as fraudulent. Additionally, continuous 

learning mechanisms can be introduced so the model 

automatically adapts to evolving fraud strategies. 

Integration with blockchain systems, biometric 

authentication, and cross-platform financial data 

sources can further strengthen security, reduce false 

positives, and make the framework more robust for 

future digital business ecosystems. 

IX. REFERENCES 

[1]. V. J. Hodge and J. Austin, “A survey of outlier 

detection methodologies,” Artificial Intelligence 

Review, vol. 22, no. 2, pp. 85–126, 2004. doi: 

10.1023/B:AIRE.0000045502.10941.a9 

[2]. C. C. Aggarwal, “Outlier analysis,” ACM 

Computing Surveys, vol. 48, no. 3, pp. 1–36, 2015. 

doi: 10.1145/2733381 

[3]. A. Dal Pozzolo, O. Caelen, Y.-A. Le Borgne, S. 

Waterschoot, and G. Bontempi, “Learned lessons in 

credit card fraud detection from a practitioner 

perspective,” Expert Systems with Applications, vol. 

41, no. 10, pp. 4915–4928, 2014. doi: 

10.1016/j.eswa.2014.02.026 

[4]. A. Dal Pozzolo, G. Boracchi, O. Caelen, C. 

Alippi, and G. Bontempi, “Credit card fraud 

detection: A realistic modeling and a novel learning 

strategy,” IEEE Transactions on Neural Networks 

and Learning Systems, vol. 29, no. 8, pp. 3784–3797, 

2018. doi: 10.1109/TNNLS.2017.2736643 

[5]. R. J. Bolton and D. J. Hand, “Statistical fraud 

detection: A review,” Statistical Science, vol. 17, no. 

3, pp. 235–255, 2002. doi: 10.1214/ss/1042727940 

[6]. [6] P. Phua, V. Lee, K. Smith, and R. Gayler, “A 

comprehensive survey of data mining-based fraud 

detection research,” Artificial Intelligence Review, 

vol. 34, no. 1, pp. 1–14, 2010. doi: 10.1007/s10462-

009-9119-y 

[7]. S. Bhattacharyya, S. Jha, K. Tharakunnel, and J. 

C. Westland, “Data mining for credit card fraud: A 

comparative study,” Decision Support Systems, vol. 

50, no. 3, pp. 602–613, 2011. doi: 

10.1016/j.dss.2010.08.008 

[8]. N. Japkowicz and S. Stephen, “The class 

imbalance problem: A systematic study,” Intelligent 

Data Analysis, vol. 6, no. 5, pp. 429–449, 2002. doi: 



 

 

Page 94 
 

Vol 15 Issue 03, March 2026 ISSN 2456 – 5083 

  

        

    

 

                       

     

[9]. 10.3233/IDA-2002-6504 

[10]. H. He and E. A. Garcia, “Learning 

from imbalanced data,” IEEE Transactions 

on Knowledge and Data Engineering, vol. 

21, no. 9, pp. 1263–1284, 2009. doi: 

10.1109/TKDE.2008.239 

[11]. T. Chen and C. Guestrin, “XGBoost: 

A scalable tree boosting system,” in Proc. 

22nd ACM SIGKDD Int. Conf. Knowledge 

Discovery and Data Mining, 2016, pp. 785–

794. doi: 10.1145/2939672.2939785 

[12]. L. Breiman, “Random forests,” 

Machine Learning, vol. 45, no. 1, pp. 5–32, 

2001. doi: 10.1023/A:1010933404324 

[13]. C. Cortes and V. Vapnik, “Support-

vector networks,” Machine Learning, vol. 

20, no. 3, pp. 273–297, 1995. doi: 

10.1007/BF00994018 

[14]. S. J. Pan and Q. Yang, “A survey on 

transfer learning,” IEEE Transactions on 

Knowledge and Data Engineering, vol. 22, 

no. 10, pp. 1345–1359, 2010. doi: 

10.1109/TKDE.2009.191 

[15]. D. Kingma and J. Ba, “Adam: A 

method for stochastic optimization,” in Proc. 

3rd Int. Conf. Learning Representations 

(ICLR), 2015. doi: 

10.48550/arXiv.1412.6980 

[16]. I. Goodfellow, J. Pouget-Abadie, M. 

Mirza, et al., “Generative adversarial nets,” 

in Advances in Neural Information 

Processing Systems (NeurIPS), 2014. doi: 

10.48550/arXiv.1406.2661 

 

 

 

 

 

 

 

 

 

 

 

 


