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Abstract— This study integrates blockchain
technology and machine learning to enhance credit card
fraud detection. Precise fraud prediction is performed
using advanced algorithms such as Random Forest,
Logistic Regression, XGBoost, and Bayesian models.
Tools such as Ganache and MetaMask from Ethereum
blockchain facilitate safe and transparent tracking of
suspicious transactions. Decentralized and tamper-proof
properties of blockchain add reliability, and machine
learning adds precision and flexibility. The system is
highly accurate and transparent and has the potential to
be used to fight financial fraud.
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l. INTRODUCTION

With losses of over $32 billion worldwide each year, credit
card fraud is one of the biggest financial risks in the digital
economy. The growing complexity of fraudulent tactics
frequently presents difficulties for traditional fraud detection
systems, which also deal with issues like centralized
vulnerability, delayed detection, and false positives.
Combining blockchain technology with machine learning
methods offers a viable way to get around these restrictions.

In order to detect potentially fraudulent transactions, this
paper assesses the creation and application of a blockchain-
based fraud detection system that makes use of several
machine learning algorithms. Our system solves the problems
of transparency, auditability, and tamper resistance that beset
traditional detection techniques by permanently storing
prediction results on a blockchain. We look at how this
method improves fraud accuracy and dependability.
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1. THE ROLE OF MACHINE LEARNING IN FRAUD
DETECTION

Machine learning methods have revolutionized fraud
detection potential through their capacity to analyze
extensive and complex data sets. These computational
methods can model complex, nonlinear relationships between
transaction attributes, spending habits, and customer activity
with ease.

Our approach integrates three distinct machine learning
methodologies, each with specific strengths:

Logistic Regression: This is a baseline model, both with an
understanding of the results and in terms of computation.
Logistic regression, although simple, works very well for the
first level of fraud detection, particularly if augmented with
well-designed features and appropriate class weighting.

Random Forest:Being an ensemble method, Random Forest
delivers robust performance through numerous decision trees
that overcome individual tree bias. The method works
effectively with heterogeneous data types and is less prone to
overfitting, a condition that suits fraud detection since
patterns evolve over time.

XGBoost: This gradient boosting framework offers
maximum prediction accuracy through sequential tree
building, with each tree correcting errors from previous ones.
It consistently outperforms other algorithms when properly
tuned and is especially effective for detecting subtle fraud
patterns.

Bayesian Model: The Bayesian model is a powerful,
probability-based method for assessing fraud risk using
Bayes' theorem. Bayesian approach provides prediction,
clear, understandable explanations for why a particular
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transaction might be flagged as risky. It's especially valuable
when there's not a lot of data to work with, making it a strong
alternative or even a helpful addition to more complex
models.

Hybrid Model: The hybrid approach integrates the best of
the conventional machine learning algorithms and Bayesian
risk analysis to develop a more comprehensive fraud
detection solution. It detects suspicious behavior by
employing machine learning to identify patterns and
anomalies.

A study by Hu et al. (2018) illustrated that state-of-the-art
machine learning architectures surpassed standard
forecasting techniques, providing higher accuracy in
predicting financial risk. The rationale for the improved
performance of these algorithms lies in their capacity for
pattern detection in sequential data and extraction of long-
term temporal dependencies, which is critical to accurate
detection of fraud events.

1. ADDRESSING CLASS IMBALANCE WITH
SMOTE

A significant challenge in fraud detection is class
imbalance—Ilegitimate transactions typically outnumber
fraudulent ones by orders of magnitude. This imbalance can
cause machine learning algorithms to develop a bias toward
predicting all transactions as legitimate, achieving high
accuracy but failing to identify actual fraud cases.

Synthetic Minority Over-sampling Technique (SMOTE)
overcomes this weakness by generating artificial samples of
the minority class. The application in our system is based on
these main principles:

1. SMOTE finds k-nearest neighbors among minority class
samples

2. It creates artificial samples on the line segments that join
minority instances

3. These artificial samples balance the class distribution
during training of the model

Our analysis revealed that applying SMOTE with a sampling
strategy of 0.5 (creating synthetic fraud examples until they
reach 50% of legitimate transactions) improved model
performance significantly. For the Random Forest model,
recall for fraudulent transactions increased from 76% to 91%,
while precision remained stable at approximately 94%. This
balanced approach minimizes false positives while
maximizing fraud detection capability.

IV. BLOCKCHAIN INTEGRATION FOR SECURE
PREDICTION RECORDS

Blockchain technology offers an immutable, transparent, and
distributed ledger which is appropriate for storing critical
fraud prediction records. Our design utilizes the Ethereum
platform with smart contracts for storing and validating
machine learning predictions.
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A. Smart Contract Architecture

The core of our blockchain implementation is the
FraudDetection smart contract, which contains two primary
structures:
Model Structure: Contains model metadata including:
e Model type (Logistic Regression, Random Forest,
XGBoost, Bayesian Model, Hybrid Model)
e Model hash (cryptographic verification of model
integrity)
e Dataset hash (verification of training data)
e Performance metrics (JSON-formatted evaluation
metrics)
e Timestamp and registering address
e  Active status
PredictionRecord  Structure:  Records transaction
predictions:
e Timestamp of prediction
Fraud classification (true/false)
Confidence score (0-100)
Transaction data hash

Submitting address

The smart contract provides functions for registering models,
recording predictions, and retrieving historical prediction
records. All interactions emit corresponding events that
enable real-time notification capabilities.

B. Blockchain Benefits for Fraud Detection

The integration of blockchain technology provides several
distinct advantages:

1. Immutability: Once recorded, prediction records cannot
be altered, ensuring the integrity of fraud detection history

2. Transparency: All stakeholders can verify when and how
fraud predictions were made

3. Accountability: The system tracks which models and
entities made predictions

4. Auditability: Comprehensive history enables analysis of
detection performance over time

5. Decentralization: There is no point of failure in the
prediction record system.

These characteristics are especially useful in financial
environments, where regulatory compliance, audit
functionality, and evidence integrity are critical needs.

V. SYSTEM ARCHITECTURE AND
IMPLEMENTATION

Our fraud detection system integrates three main
components: a machine learning backend, a blockchain layer,
and a user interface for monitoring and analysis.

A. Machine Learning Component

The Python-based machine learning component includes:
1. Data Preprocessing: Transforms transaction data for
model compatibility by:
e Converting categorical variables through one-hot
encoding
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e Normalizing numerical features
e Handling missing values through median imputation
e Generating temporal features from transaction
timestamps
2. Model Training Pipeline: Implements a configurable
workflow that:
e Splits data into training and testing sets
e Applies SMOTE for class balancing
e Trains multiple model types (Logistic Regression,
Random Forest, XGBoost)
e Evaluates and compares model performance
3. Prediction Engine: Processes incoming transactions to:
e Extract and preprocess transaction features
e Generate fraud probability scores
e Apply risk multipliers based on transaction context
e Produce final classifications with confidence levels

B. Blockchain Integration Layer

The blockchain layer consists of:
1. Smart Contracts: Ethereum-based contracts that;
e Record model registrations and predictions
e Provide verification interfaces
e Emit events for system notifications
2. Web3 Connector: Middleware that:
e Bridges the machine learning system with
the blockchain
e Manages transaction
submission
e Handles blockchain interaction errors
3. Event Listeners: Components that:
e Monitor blockchain events
e Update the Ul when new predictions are
recorded
e Trigger notifications  for
transactions

signing  and

high-risk

C. User Interface

The frontend provides comprehensive monitoring and
analysis tools:
1. Transaction Dashboard: Displays:
e Recent transactions
classifications
e Confidence scores and risk indicators
e Blockchain transaction references
2.  Model Performance Analysis: Offers:
e Comparative metrics across models
e  Confusion matrices visualization
e ROC curves and precision-recall trade-offs
3. Risk Factor Analysis: Presents:
e Contribution of individual risk factors
e Feature importance visualization
e Transaction pattern analysis

with fraud
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Fig 1: Workflow Diagram

VI. PERFORMANCE EVALUATION

We evaluated our system using a dataset of credit card
transactions containing legitimate and fraudulent examples.
The dataset included transaction amount, merchant category,
timestamp, and geographical information..

A. Model Performance Comparison

Model Accuracy | Precision | Recall F1
Score
Logistic 96.3% 91.2% 85.7% 88.3%
Regression
Random 97.8% 94.5% 91.2% 92.8%
Forest
XG Boost 98.2% 95.1% 92.4% 93.7%

When SMOTE was applied during training, all models
showed improved recall while maintaining precision, with
XGBoost demonstrating the best overall performance.

B. Blockchain Performance Analysis

We assessed the blockchain component based on:

1. Transaction Throughput: The system successfully
processed an average of 45 transaction verifications
per minute on a local Ethereum network

2. Gas Cost Analysis: Each prediction recording
operation consumed approximately 120,000 gas
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3. Latency Evaluation: End-to-end fraud prediction
and blockchain recording required an average of 3.2
seconds

These metrics confirm the feasibility of blockchain
integration for fraud detection systems, even under moderate
transaction volumes.

C. Feature Importance Analysis

Feature importance analysis revealed the most significant
predictors of fraudulent transactions:

1. Transaction amount (relative importance: 0.28)

2. Time of day (relative importance: 0.21)

3. Merchant category (relative importance: 0.17)

4. Geographical distance between customer and

merchant (relative importance: 0.14)

5. Transaction velocity (relative importance: 0.09)
These results support known fraud trends and offer direction
for feature engineering in upcoming system versions.

VII. BUSINESS IMPACT ANALYSIS

The implementation of our blockchain-based fraud detection
system yields several business benefits:

A. Cost Analysis

Based on our performance metrics and industry averages:

1. False Positive Reduction: Improved precision
reduced unnecessary fraud investigations by 37%,
saving approximately $5 per averted investigation

2. False Negative Reduction: Enhanced recall
reduced missed fraud cases by 42%, preventing
losses of approximately 75% of transaction values

3. Operational Efficiency: Automated blockchain
verification eliminated manual reconciliation,
reducing operational costs by 26%

B. Customer Experience Enhancement
The system improved customer experience through:

1. Reduced legitimate transaction  rejections,
decreasing customer friction
2. Faster verification process for high-value

transactions
3. More accurate fraud alerts,
trust

improving customer

C. Regulatory Compliance Benefits

The blockchain component strengthened compliance by
providing:

1. Immutable audit trails for regulatory review

2. Verifiable history of fraud detection decisions

3. Transparent evidence for dispute resolution

VIIL. CHALLENGES AND LIMITATIONS

Despite promising results, several challenges and limitations
were identified:
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A. Technical Challenges

1. Blockchain Scalability: High transaction volumes could
strain the blockchain network, increasing latency

2. Model Update Mechanism: Updating machine learning
models while maintaining historical verification capability
remains complex

3. Gas Costs: Ethereum gas fees could become prohibitive
in high-volume production environments

B. Operational Limitations

1. Cold Start Problem: New merchants or customers lack
historical data for accurate risk assessment

2. Adversarial Attacks: Sophisticated fraudsters might
develop techniques to manipulate model inputs

3. Privacy Concerns: Balancing transparency with data
protection regulations presents ongoing challenges

IX. CONCLUSION

Our blockchain-based fraud detection system demonstrates
the potential of combining machine learning with distributed
ledger technology to enhance financial security. The
implementation successfully addresses key limitations of
traditional fraud detection systems through improved model
performance, transparent verification, and immutable record-
keeping.
Integrating a variety of machine learning models with
SMOTE balancing mechanisms attained very accurate fraud
detection at low false-positive rates. The blockchain feature
ensured transparency and auditing of the predictions,
enabling the creation of a verifiable record of detection
actions.
Future research directions should focus on:
1. Implementing  privacy-preserving
compatible with blockchain verification
2. Developing cross-chain solutions for improved
scalability
3. Exploring reinforcement learning approaches for
adaptive fraud detection
4. Implementing federated learning to enhance model
training while preserving data privacy
In conclusion, blockchain and machine learning present
significant opportunities for fraud risk reduction in financial
systems. Realizing their complete potential depends on
ongoing improvements in model integration approaches,
scalability solutions, and operational efficiency to support
effective early warning systems and fraud prevention
frameworks.

techniques
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