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Introduction & Research Motivation

Introduction

Credit-card fraud continues to rise globally, creating major financial losses and increasing 
pressure on banks and payment systems to detect fraudulent transactions in real time. 
Traditional rule-based systems struggle because fraud patterns change quickly and fraudulent 
transactions represent a very small minority, making detection increasingly difficult.

Research Motivation

This study investigates whether modern Machine Learning and Deep Learning models—
especially sequence-based architectures—can improve fraud detection accuracy under 
realistic imbalance. In particular, the research explores how adaptive learning-rate 
scheduling can enhance LSTM convergence and significantly boost minority-class recall, 
enabling earlier and more reliable detection of rare fraudulent activities.
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Problem 

Statement

 Credit-card fraud is increasing 

in volume and complexity. 

Traditional rule-based systems 

fail to detect evolving fraud 

patterns, especially under 

highly imbalanced datasets 

where fraudulent cases 

represent a very small minority. 

This creates a challenge in 

maintaining high recall without 

sacrificing model stability or 

increasing false alarms.



Objectives

• Design and evaluate a credit-card fraud detection framework using 
Machine Learning and Deep Learning models, with a specific focus on 
improving minority-class recall through adaptive LSTM learning-rate 
scheduling.

Main Objective

• Evaluate ML and DL performance (Logistic Regression, XGBoost, RNN, 
LSTM, Adaptive LSTM) on balanced (50%) and imbalanced (3%) datasets.

• Analyze the impact of data imbalance on model accuracy, precision, 
recall, F1-score, and AUC to understand real-world behavior.

• Assess the contribution of Adaptive LSTM and how learning-rate 
scheduling improves stability and detection of rare fraud cases.

• Identify the most effective model for deployment in practical 
fraud-monitoring environments based on predictive performance and 
robustness.

Specific Objectives
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Related Works Overview

Several recent studies (2020–2024) 
investigated credit card fraud detection 

using machine learning and deep 
learning models.

Common approaches include CNN, CNN–
SVM, BiLSTM–GRU, and LSTM.

Reported outcomes vary across studies 
due to differences in model design and 

preprocessing.



Samples of Related Works



Research 

Contribution

Conducts a comparative evaluation of 
Machine Learning and Deep Learning 
models for credit card fraud detection.

Evaluates model performance on both 
balanced and imbalanced datasets.

Incorporates an adaptive training 
strategy within an LSTM model to 
enhance training stability and fraud 
detection performance.



Dataset & 

Preprocessing



Preprocessing Steps
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Machine Learning Models

We evaluated two 
classical ML models 

as baseline 
comparators

Logistic 
Regression – simple 

linear model for 
baseline 

classification.

XGBoost – 
gradient-boosting 
model known for 

strong performance 
on tabular data.



Deep Learning Models

Two sequential DL 
models were tested 

to analyze 
temporal patterns

RNN – baseline 
recurrent model

LSTM – improved 
memory 

management for 
long-term 

dependencies



Deep Learning 

Models - 

Adaptive LSTM

 Adaptive LSTM – LSTM enhanced 

with ReduceLROnPlateau to improve 

stability and minority-class recall.
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Adaptive LSTM

Fraud data is sparse 
and unstable.

1

Standard LSTM uses 
a fixed learning rate, 
causing unstable 
training when fraud is 
rare.

2

Adaptive 
scheduling reduces 
learning rate 
automatically when 
improvement stalls → 
better convergence 
and higher recall.

3



The Results













Conclusion

The project developed a robust 
fraud-detection framework using 
both Machine Learning and Deep 
Learning models on balanced and 
highly imbalanced credit-card 
datasets.

ML models—especially XGBoost—
demonstrated exceptional 
performance, achieving perfect 
accuracy and recall on the 
balanced dataset and maintaining 
strong detection capability even 
after applying controlled 
undersampling.

Classical DL models (RNN, LSTM) 
performed extremely well on 
balanced data but struggled 
significantly under imbalance, 
highlighting their sensitivity to 
rare-class distributions.

The proposed Adaptive 
LSTM introduced learning-rate 
scheduling that substantially 
improved recall (+40%) compared 
to standard LSTM, making it the 
most reliable deep model for 
rare-fraud detection.

The framework showed that 
combining resampling strategies 
with carefully selected ML/DL 
architectures can dramatically 
improve fraud detection while 
reducing false negatives.
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