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Abstract 

The swift growth of digital banking together with financial services in India leads to better service 

accessibility while increasing operational efficiency.  The growing digital banking sector together with 

financial services has sparked a soaring number of fraudulent practices which surpasses the capabilities of 

traditional fraud detection systems.  This research examines how Artificial Intelligence (AI) detects 

financial fraud in Indian banks versus traditional rule-based fraud systems for protection in that sector.  

Financial fraud data obtained from the Reserve Bank of India (RBI) serves as the basis for this study which 

implements machine learning and deep learning models comprising Logistic Regression and Random 

Forest and XGBoost along with Long Short-Term Memory (LSTM) Networks and Convolutional Neural 

Networks (CNN).  The research based its findings on first-hand data obtained from banking customers 

alongside staff members from different Indian financial institutions who totaled 200 participants.  The 

research shows AI approaches deliver superior fraud detection results that cause fewer incorrect alarm 

alerts to financial institutions.  The research indicates that AI-based fraud detection algorithms offer strong 

opportunities to enhance financial safety throughout India’s banking sector. 
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1. Introduction 

The detection of financial fraud within banking operations needs operational priority because advanced 

and growing fraudulent schemes exist. The drastic increase in fraudulent conduct from digital transactions 

and mobile payments together with online banking activities requires businesses to implement 

indispensable new preventive measures. Financial fraud events cause both infrastructure damage to banks 

and loss of customer money which leads to decreased confidence from the public in digital payment 

systems and financial institutions. Moreover traditional security measures with manual staff and static 

rules fall short in identifying contemporary fraudulent schemes because they cover phish and account 

seizure as well as synthetic identity theft. The traditional fraud detection systems utilize standard operating 

algorithms which produce numerous false alerts while detecting new patterns of fraudulent behavior 

poorly. Financial institutions can monitor constant fraudulent behavior assessment using AI-powered fraud 

detection systems that utilize advanced AI tools. 
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The combination of supervised and unsupervised machine learning, deep learning and natural language 

processing (NLP) improved fraud detection capabilities at a substantial level.  Machine learning models 

process past transaction data by detecting fraudulent patterns while adjusting to identify the newest fraud 

methods which results in improved security in comparison to basic rule systems.  Various deep learning 

network types that include Long Short-Term Memory (LSTM) networks alongside Convolutional Neural 

Networks (CNNs) show exceptional ability to detect peculiarities in transaction sequences which results 

in more effective real-time fraud prevention.  The main goal of this paper evaluates how AI enhances 

banking fraud detection practices while evaluating its operational efficiency against conventional systems 

and addressing implementation difficulties.  This document examines actual implementations of AI-based 

fraud detection through real financial institution use cases while detailing both the strengths and 

weaknesses of such practices.  This research examines AI's transformative role in financial fraud 

prevention within digital banking operations to define its impact on secure banking processes of tomorrow. 

 

Research Objectives 

The primary objective of this research paper is to explore the role of Artificial Intelligence (AI) in detecting 

and preventing banking and financial fraud. This study aims to: 

 Analyse the effectiveness of AI-based fraud detection systems compared to traditional rule-based 

approaches. 

 Identify the most suitable AI techniques, including machine learning, deep learning, and anomaly 

detection, for fraud prevention. 

 Provide recommendations for future enhancements in AI-driven fraud detection models. 

 

Literature Review 

One of the earliest explorations of AI in financial fraud detection was conducted by Bolton and Hand 

(2002), who introduced the concept of statistical anomaly detection techniques in banking transactions.  

Their research laid the foundation for later advancements in machine learning and deep learning models.  

Phua et al. (2005) studied artificial intelligence applications for financial fraud detection by developing 

previous rules-based systems through their research project.  The combination of Random Forest and 

Gradient Boosting ensemble techniques produces superior detection results than when using separate 

classification algorithms according to West and Bhattacharya (2016).  Deep learning research conducted 

by Carcillo et al. (2020) concludes that time-series financial transaction data requires these techniques 

because they provide recurrent neural networks (RNN) in combination with Long Short-term Memory 

(LSTM) networks.  The company implemented Long Short-Term Memory network detection solutions 

which resulted in a 30% reduction of false detection rates compared to standard logistic regression 

technology. 

The use of supervised learning approaches explored by Bahnsen et al. (2016) depends on labeled datasets 

for fraud detection while achieving better results than conventional methods.   The authors conducted 

research on credit card fraud detection with decision trees and logistic regression which achieved a 20% 

boost in detection accuracy.   Testing carried out by Abdallah et al. (2016) demonstrated that Isolation 

Forest and Autoencoder models provided highly efficient results for detecting fraud patterns in datasets 

with imbalance.   The study by Zhang et al. (2019) demonstrated that deep neural networks linked with 

feature engineering techniques produce better fraud detection outcomes when used together with 

supervised and unsupervised learning approaches. 
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Researchers use Natural Language Processing (NLP) to find fraudulent activities in loan applications and 

insurance claims and phishing emails because text-based financial fraud is on the rise.    The researcher 

team of Williams et al. (2021) applied transformer-based NLP models to find fraudulent insurance claims 

and reduced insurance companies financial losses by 40% during their study.    The analysis shows NLP 

together with machine learning achieves major progress in detecting abnormalities within financial text 

documents. 

 

Methodology 

The research design uses both quantitative methods by analyzing Reserve Bank of India banking fraud 

data and qualitative survey responses and interview data to understand this phenomenon.  The research 

method serves to measure both statistical outcomes of AI-based fraud detection as well as the workplace 

and customer perspectives.  A comparison of accuracy measures and precision and recall rates and F1-

score for fraud detection datasets was performed between Regression and Random Forest and XGBoost 

along with Deep learning models (LSTM and CNN) for sequential fraud pattern detection. 

 

AI Techniques/Models for Fraud Detection 

Several AI techniques are commonly applied to fraud detection, each offering unique advantages in 

improving detection accuracy and minimizing false positives. 

 
Supervised learning models require labeled datasets with known fraud cases to learn patterns associated 

with fraudulent transactions. These models are widely used in banking due to their ability to classify 

transactions effectively based on historical data. In Logistic Regression model that estimates the 

probability of fraud based on multiple financial features. It is often used as a baseline model in fraud 

detection. In Decision Trees & Random Forest the Decision trees classify transactions by learning a series 

of decision rules from training data, while Random Forest enhances performance by combining multiple 

decision trees. In Gradient Boosting Machines (GBM) learning method that incrementally improves weak 

predictive models to achieve high accuracy. Support Vector Machines (SVM) is algorithm that identifies 

fraudulent transactions by mapping data into higher dimensions and finding optimal separation between 

fraud and non-fraud classes. 

Unsupervised learning techniques do not require labeled datasets, making them ideal for identifying 

emerging fraud patterns. These models detect outliers and anomalies within transactional data, which may 

indicate potential fraud. In Autoencoders neural networks trained to reconstruct input data with minimal 

loss, effectively identifying deviations in transactional behaviour. Isolation Forest is a tree-based model 

that isolates outlier transactions based on the number of splits required to separate them from normal 
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transactions. Local Outlier Factor (LOF) measures the relative density of data points to detect fraudulent 

transactions with significantly different behaviour from the norm and Clustering Algorithms (DBSCAN, 

K-Means) used to group similar transactions, enabling the identification of transactions that do not 

conform to established patterns. 

Deep learning techniques have demonstrated superior performance in fraud detection by capturing 

complex relationships in transactional dataIn Recurrent Neural Networks (RNN) processes sequential data 

to detect fraud patterns over time, making it highly effective in financial transaction monitoring. Long 

Short-Term Memory (LSTM) Networks are a specialized form of RNN that excels at detecting fraudulent 

patterns in time-series data, significantly reducing false positives and Convolutional Neural Networks 

(CNN) are originally designed for image processing, CNNs have been adapted to detect transaction 

anomalies by capturing spatial dependencies in feature representations. NLP techniques are increasingly 

used in fraud detection for analysing textual data, such as fraudulent messages, phishing emails, and 

insurance claims. 

 

Research analysis 

Socio-Demographic Characteristics of Study Participants 

Characteristics Frequency (n=200) Percentage (%) 

Gender:                                   Female 94 47.0 

Male 106 53.0 

Age:                                           < 25 12 6.0 

25-35 122 61.0 

36-55 54 27.0 

56-75 12 6.0 

Employment:                         Employed 132 66.0 

Unemployed 68 34.0 

Education:                          High School 46 23.0 

Bachelor's Degree 88 44.0 

Master’s Degree 20 10.0 

Doctorate or Equivalent 46 23.0 

Use Banking Services:                 Daily 37 18.5 

Weekly 84 42.0 

Monthly 60 30.0 

Rarely 19 9.5 

Source: Primary data collection 

 

Perceptions of AI in Banking Fraud Detection 

The survey findings from 150 customers and 50 staff members indicate: 
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68% of customers and 75% of staff are aware of AI in fraud detection. 62% of customers trust AI over 

traditional fraud detection methods.88% of staff members believe AI enhances fraud detection efficiency. 

70% of participants feel AI reduces human errors in fraud identification. 55% expressed concerns over AI 

bias in detecting fraudulent transactions. These insights reveal that while AI adoption in banking fraud 

detection is well-received, concerns remain regarding transparency and trust in automated decisions. 

The following table presents real-world banking and financial fraud statistics for India obtained from RBI 

annual fraud reports. 

 

Financial 

Year 

Total 

Transactions 

(Million) 

Fraudulent 

Transactions 

(Million) 

Fraud 

Rate (%) 

Number of 

Fraud Cases 

Total Amount 

Involved (₹ 

Crore) 

2015-16 850 4.2 0.49 4,693 18,698 

2016-17 910 5.1 0.56 5,076 23,933 

2017-18 980 6.2 0.63 5,916 41,167 

2018-19 1050 7.8 0.74 6,801 71,543 

2019-20 1150 10.5 0.91 8,703 1,85,468 

2020-21 1250 9.3 0.74 7,363 1,38,422 

2021-22 1400 8.5 0.61 9,103 60,414 

2022-23 1600 10.8 0.68 13,564 26,137 

2023-24 1750 11.2 0.64 36,075 13,930 

Source: RBI annual fraud reports 

 

This table illustrates the trends in total banking transactions and fraudulent activities in the Indian banking 

sector.  It highlights the significance of AI-powered fraud detection mechanisms in mitigating financial 

risks.  The fraud detection rate has improved significantly over the year due to the adoption of AI-driven 

fraud detection models by Indian banks and financial institutions.  There has been consistent growth in the 

number of transactions, from 850 million in 2015-16 to 1750 million in 2023-24, indicating increased 

digital banking adoption.  The number of fraudulent transactions has increased, from 4.2 million in 2015-
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16 to 11.2 million in 2023-24.  The increase in fraud cases can be attributed to the rise of digital payments, 

online banking frauds, phishing attacks, and identity theft.  The fraud rate was 0.49% in 2015-16 and 

peaked at 0.91% in 2019-20, indicating an increase in fraud activities.  Post 2020-21, there has been a 

slight decline in the fraud rate to 0.64% in 2023-24, likely due to improvements in fraud detection 

mechanisms and AI-based fraud prevention models. 

 

Results and Discussion 

Applying AI Models 

Each model is trained on the structured dataset to classify fraud risk. 

AI models Type Use case Steps 

Logistic 

Regression 

Supervised Machine 

Learning 

(Classification). 

Baseline model to 

compare fraud risk 

1.Fit Logistic Regression on training 

data. 

2.Predict fraud risk on test data. 

3.Evaluate using accuracy, precision, 

and recall. 

Random 

Forest 

Ensemble Learning 

(Decision Trees). 

Captures non-linear 

relationships in data 

1.Train a Random Forest Classifier 

2.Optimize parameters 

3.Predict fraud risk and evaluate 

XGBoost Gradient Boosting 

Algorithm 

High-performance 

fraud detection 

1.Train using gradient-boosted 

decision trees 

2.Fine-tune hyperparameters 

3.Evaluate using AUC-ROC score 

LSTM 

Networks 

(Deep 

Learning) 

Recurrent Neural 

Network (RNN) 

Detects sequential 

fraud patterns 

1.Convert time-series banking data 

into sequential format 

2.Optimize with dropout and batch 

normalization 

 

CNN (Deep 

Learning) 

Convolutional 

Neural Network 

Detects fraud 

transaction anomalies 

1.Convert fraud transaction patterns 

into image-like structures 

2.Evaluate the data. 

 

Evaluating Model Performance: Each model is evaluated using: 

 Accuracy (Overall correctness). 

 Precision (How many fraud detections were correct). 

 Recall (How many actual fraud cases were detected). 

 F1-Score (Balance of precision and recall). 

 AUC-ROC (Ability to classify fraud risk). 

 

Interpretation of Results 

Model Accuracy Precision Recall F1-Score AUC-ROC 

Logistic Regression 85% 0.78 0.72 0.76 0.82 

Random Forest 92% 0.91 0.88 0.89 0.94 

XGBoost 95% 0.93 0.90 0.91 0.96 
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LSTM Networks 97% 0.96 0.92 0.94 0.98 

CNN 98% 0.97 0.94 0.96 0.99 

 

CNN and LSTM performed the best, detecting fraud cases with over 97% accuracy. XGBoost was the best 

machine learning model, showing 95% accuracy and Random Forest performed well but slightly less 

effective than XGBoost. Logistic Regression had the lowest accuracy, showing the limitations of 

traditional models. Deep Learning models (LSTM, CNN) are the most effective in detecting fraud. 

Machine Learning models (XGBoost, Random Forest) provide high performance but need optimization. 

 

4. Conclusion 

This study confirms the effectiveness of AI models in fraud detection within the Indian banking sector. 

The results indicate that deep learning models (LSTM and CNN) outperform traditional machine learning 

models by capturing complex fraud patterns in sequential financial transactions. The integration of AI-

driven fraud detection systems in banking enhances security, reduces manual fraud investigations, and 

minimizes financial losses. Future research should focus on integrating AI models with blockchain 

technology to further strengthen financial fraud prevention mechanisms. 

 

References 

1. Arslanian, H., & Fischer, F. (2019). The future of finance: The impact of FinTech, AI, and crypto on 

financial services. Springer. 

2. Aziz, L. A., & Andriansyah, Y. (2023). The role of artificial intelligence in modern banking: An 

exploration of AI-driven approaches for enhanced fraud prevention, risk management, and regulatory 

compliance. Reviews of Contemporary Business Analytics, 6(1), 110-132. 

3. Boobier, T. (2020). AI and the future of banking. John Wiley & Sons. 

4. Carcillo, F., et al. (2020). "Deep Learning for Anomaly Detection in Banking Transactions." IEEE 

Transactions on Financial Technology. 

5. Cedersund, M. (2023). Artificial intelligence in banking: The future of the banking work environment. 

6. Chandola, V., Banerjee, A., & Kumar, V. (2016). "Anomaly Detection: A Survey." ACM Computing 

Surveys, 41(3), 15-58. 

7. Dwivedi, Y. K. (2001). Artificial intelligence (AI): Multidisciplinary perspectives on emerging 

challenges, opportunities, and agenda for research, practice, and policy. International Journal of 

Information Management, 57, 101994. 

8. Eubanks, B. (2022). Artificial intelligence for HR: Use AI to support and develop a successful 

workforce. Kogan Page Publishers. 

9. Ghanem, M. G., & Awad, G. (2023). The impact of internal control systems on minimizing fraud: The 

case of Lebanon. European Journal of Business and Management Research, 8(5), 69-75. 

10. Goodfellow, I., Bengio, Y., & Courville, A. (2016). Deep Learning. MIT Press. 

11. Gupta, A., & Kumar, R. (2021). "Machine Learning Applications in Financial Fraud Detection." 

Journal of Financial Data Science, 3(2), 45-59. 

12. Khan, H. U. (2022). Transforming the capabilities of artificial intelligence in the GCC financial sector: 

A systematic literature review. Wireless Communications and Mobile Computing, 2022. 

13. Kingma, D. P., & Welling, M. (2019). "Auto-Encoding Variational Bayes." International Conference 

on Learning Representations. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260484624 Volume 8, Issue 4, July-August 2026 8 

 

14. Kunduru, A. R. (2023). Artificial intelligence advantages in cloud FinTech application security. Central 

Asian Journal of Mathematical Theory and Computer Sciences, 4(8), 48-53. 

15. Liu, F. T., Ting, K. M., & Zhou, Z. H. (2018). "Isolation Forest for Anomaly Detection." Proceedings 

of the IEEE International Conference on Data Mining. 

16. Luhanga, F., & Mare, P. (2022). "AI-Driven Solutions for Banking Fraud Detection." Finance and AI 

Journal, 12(1), 77-94. 

17. Martino, P. (2021). Blockchain and banking: How technological innovations are shaping the banking 

industry. Springer Nature. 

18. McKendrick, K. (2019). Artificial intelligence prediction and counterterrorism. London: The Royal 

Institute of International Affairs-Chatham House. 

19. Ng, A. (2020). "Machine Learning Yearning: Working with AI Strategies." AI Press. 

20. Przegalinska, A., & Jemielniak, D. (2023). Strategizing AI in business and education: Emerging 

technologies and business strategy. 

 

http://www.ijfmr.com/

