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Abstract

In recent years, the rapid growth of online banking and digital payment systems has
significantly increased the risk of financial fraud, leading to huge losses for individuals and
financial institutions worldwide. As the volume of online transactions continues to rise, the
detection of fraudulent activities has become a critical concern for maintaining trust and
security in financial systems. Traditional fraud detection techniques, such as rule-based and
statistical methods, are often unable to keep pace with the evolving and complex nature of
modern fraud patterns. Therefore, there is a growing need for more intelligent and adaptive
systems that can effectively identify suspicious activities in real time.

The main problem addressed in this study is the inefficiency of conventional fraud
detection methods in identifying new and sophisticated fraudulent transactions. Existing
systems struggle with imbalanced datasets, high false positive rates, and limited
generalization to unseen fraud patterns.

To solve this issue, this research proposes an optimized Deep Neural Network (DNN)
model for detecting financial fraud with improved accuracy and reliability. The dataset is
preprocessed through feature scaling, handling of class imbalance, and cross-validation to
ensure data consistency and robustness. Various optimization techniques, including parameter
tuning and dropout regularization, are applied to prevent overfitting and enhance model
performance. The DNN model is then compared with traditional machine learning algorithms
to evaluate its effectiveness using metrics such as accuracy, precision, recall, F1-score, and
AUC-ROC.

The results show that the optimized DNN model achieves an accuracy of 98.6%,
precision of 97.8%, recall of 98.1%, Fl-score of 97.9%, and an AUC-ROC value of 0.99.
These findings demonstrate that the proposed deep learning approach significantly

outperforms conventional models and provides a robust and scalable solution for detecting
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fraudulent financial transactions. This research contributes to the development of secure,

intelligent, and efficient fraud detection systems for modern financial environments.

Keywords: Deep Neural Networks (DNN), Fraud Detection, Financial Data, Optimization,

and Imbalanced Dataset, Data Preprocessing, Class Imbalance.

1. Introduction

The rapid growth of online shopping, mobile payments, and digital banking has
transformed the financial landscape worldwide [1]. However, this expansion has also led to a
significant increase in fraudulent activities, posing severe challenges to individuals and
financial institutions [2]. Among various types of fraud, credit card fraud is one of the most
common and costly problems, resulting in substantial financial losses every year [3].
Detecting fraudulent transactions is particularly difficult because such activities often closely
resemble legitimate transactions [4]. Additionally, financial datasets are typically highly
imbalanced, with only a small fraction of transactions labeled as fraudulent, which
complicates accurate detection [5].

Traditional approaches to fraud detection have relied on machine learning models
such as decision trees, logistic regression, and support vector machines [6]. While these
techniques have demonstrated usefulness, they often fail to capture hidden and complex
patterns in large, high-dimensional datasets [7]. Consequently, many fraudulent activities
remain undetected, leading to increased losses and reduced trust in digital financial systems
[8].

Deep learning, particularly Deep Neural Networks (DNNs), offers a promising
solution to these limitations [9]. DNNs are capable of automatically learning important
features from raw input data and identifying non-linear relationships, which allows them to
uncover intricate fraud patterns that traditional models may overlook [10]. By leveraging
multiple layers of abstraction, DNNs can improve detection accuracy, handle complex
datasets, and adapt to evolving fraud strategies [11].

In this research, we propose an optimized DNN model for financial fraud detection.
The model incorporates advanced optimization techniques, including hyper parameter tuning,
dropout layers, and regularization, to enhance performance and reduce the risk of overfitting
[12]. Tt is trained and tested on a standard credit card fraud dataset, with preprocessing steps

such as feature scaling, class balancing, and cross-validation to ensure reliability [13]. The
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results demonstrate that the optimized DNN model achieves superior performance compared
to traditional machine learning methods, providing more accurate and dependable fraud
detection [14]. This approach is therefore highly suitable for real-world financial security

applications, where timely and precise detection of fraudulent transactions is essential [15].

Methodology

The methodology for this research focuses on designing, developing, and evaluating
an optimized Deep Neural Network (DNN) model to effectively detect fraudulent financial
transactions. The process is divided into several stages: data collection, preprocessing, model
design, optimization, training, and evaluation. Each stage is carefully structured to ensure

reliability, scalability, and high accuracy.

1. Data Collection

The study uses a standard credit card fraud dataset, widely used in academic research
for benchmarking fraud detection models. The dataset contains numerical features derived
through PCA (Principal Component Analysis) to maintain confidentiality and privacy.
Transactions are labeled as either fraudulent or legitimate, with fraudulent cases being
significantly fewer, leading to a highly imbalanced dataset.

2. Data Preprocessing

Preprocessing ensures that the dataset is ready for training the DNN model and
improves performance:

Feature Scaling: Numerical features are standardized using methods like Standard
Scaler to normalize the data and accelerate model convergence.

Handling Class Imbalance: Techniques such as SMOTE (Synthetic Minority Over-
sampling Technique) or Random Under sampling are applied to balance the dataset and
reduce bias toward the majority class.

Data Splitting: The dataset is divided into training (70%), validation (15%), and
testing (15%) sets.

Cross-Validation: k-fold cross-validation (typically k=5) is applied to ensure that the
model generalizes well to unseen data and reduces overfitting.

3. Model Design
The optimized Deep Neural Network (DNN) is designed to automatically learn

complex patterns from transaction data:
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Input Layer: Accepts the preprocessed numerical features.

Hidden Layers: Multiple dense (fully connected) layers with ReLU activation capture
non-linear relationships.

Dropout Layers: Placed between hidden layers to prevent overfitting by randomly
dropping neurons during training.

Output Layer: A single neuron with a sigmoid activation function classifies each
transaction as fraudulent or legitimate.

5. Model Training

The DNN is trained using binary cross-entropy loss over multiple epochs. Training
performance is monitored on the validation set, and model weights are updated to minimize
loss while ensuring that overfitting is avoided.

6. Model Evaluation

The trained DNN model is evaluated using several performance metrics:

Accuracy: Measures the overall correctness of predictions.

Precision: Indicates the proportion of predicted frauds that are true frauds.

Recall (Sensitivity): Measures the proportion of actual frauds correctly detected.

F1-Score: Balances precision and recall to provide a single measure of model
effectiveness.

AUC-ROC Curve: Assesses the model’s capability to discriminate between fraudulent
and legitimate transactions.

The results are compared with traditional machine learning models such as Logistic
Regression, Decision Trees, and Support Vector Machines to validate the effectiveness of the
optimized DNN approach.

7. Implementation Tools

The model is implemented in Python using libraries such as TensorFlow, Keras,
Scikit-learn, and Pandas. The workflow includes modules for data preprocessing, model
training, prediction, and performance evaluation, ensuring reproducibility and scalability for
real-world applications.

8. Summary

The methodology ensures that the proposed DNN model is robust, reliable, and

capable of detecting complex fraudulent patterns. Through careful preprocessing,

optimization, and evaluation, the model achieves high accuracy and reliability, making it
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suitable for deployment in financial systems to detect and prevent fraud effectively.
2. Review of the literature

Financial fraud detection has been widely studied using both traditional and modern
machine learning techniques. Ensemble models such as Random Forest and XGBoost have
shown strong performance in identifying fraudulent transactions due to their robustness and
adaptability to imbalanced data [1]. Recent studies have also explored the use of deep neural
networks with dropout and regularization to reduce overfitting, thereby improving fraud
detection accuracy [2]. Optimization methods such as Particle Swarm Optimization (PSO) have
been employed to fine-tune Support Vector Machines (SVMs) and Random Forest models,
significantly boosting their detection performance [3]. Similarly, Genetic Algorithms (GA)
have been used to optimize hyper parameters of XGBoost and other classifiers, resulting in

higher efficiency and accuracy [4].

Hybrid approaches that combine machine learning classifiers with metaheuristic
optimizers like PSO and GA have consistently outperformed traditional models, offering better
generalization across different fraud datasets [5]. Since fraud data is highly imbalanced,
techniques such as SMOTE and under sampling are widely applied to balance the class
distribution and enhance recall for rare fraudulent cases [6]. Deep auto encoders are another
promising approach, where models learn normal transaction behaviors and flag deviations as
potential fraud [7]. Similarly, Convolutional Neural Networks (CNNs) have been repurposed
for fraud detection by treating sequential transaction features as image-like patterns [8]. On the
other hand, Recurrent Neural Networks (RNNs), particularly Long Short-Term Memory

(LSTM) models, have been effective in capturing temporal dependencies in transaction streams

[9].

In addition to algorithmic improvements, cost-sensitive learning has been proposed to
minimize the risks of misclassifying fraudulent cases, which often carry higher penalties than
false positives [10]. Explainable Al (XAI) frameworks have gained attention for their role in
making fraud detection models transparent and trustworthy in financial institutions [11]. With
the increasing need for real-time applications, distributed frameworks such as Apache Spark
have been integrated with fraud detection systems to enable large-scale and real-time analysis
[12]. Transfer learning methods have also been investigated to leverage pre-trained models and

adapt them to new fraud datasets, which is particularly useful when labeled data is scarce [13].
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Hyper parameter tuning has further been automated using Bayesian optimization, offering

significant improvements in detection efficiency [14].

Another important research direction involves ensemble stacking methods that combine
multiple learners such as DNNs, Random Forests, and XGBoost for improved stability and
accuracy [15]. Feature reduction methods like Principal Component Analysis (PCA) are often
applied to simplify the input space and reduce computational overhead [16]. Generative
Adversarial Networks (GANSs) have also been used to generate synthetic fraud data, providing
better training support for highly imbalanced datasets [17]. Moreover, incorporating time-
aware features such as transaction intervals has proven effective in enhancing model predictive
power [18]. Researchers also stress the importance of proper evaluation metrics, suggesting
that metrics like precision, recall, F1-score, and AUC-ROC should be used together for fair
assessment [ 19]. Comparative studies confirm that although simple models provide speed and
ease of deployment, optimized deep learning models consistently achieve the highest accuracy

and adaptability in fraud detection [20].

Credit card fraud has been increasing as fraudsters keep using new technologies to
commit illegal activities. During the COVID-19 pandemic, online shopping grew rapidly,
which also caused a sharp rise in fraudulent transactions. To address this, one study applied
different data mining and statistical methods to train fraud detection models. Their
effectiveness was proven through numerical experiments [21]. Because fraudulent credit card
activities lead to huge financial losses, researchers stress the need for strong fraud detection
systems. Choosing the right features is very important when using machine learning for this
purpose. A study introduced a model called HSAODL-CCFC (Hunger Search Algorithm with
Optimal Deep Learning for Credit Card Fraud Classification), which showed better accuracy

in detecting fraud [22].

Another research compared the performance of several decision tree algorithms using
the WEKA tool. The algorithms included J48, Random Tree, Decision Stump, Logistic Model
Tree, Hoeffding Tree, Reduced Error Pruning Tree, and Random Forest. Out of these, the
Random Tree method performed best, reaching an accuracy of 85.714% on a weather dataset
[23]. Apart from fraud detection, data mining methods are also being used in sustainable
development studies. One paper examined the Sustainable Development Goals (SDGs) of three
Indian states—Tamil Nadu, Kerala, and Karnataka. By applying statistical and mining

approaches, the study was able to uncover hidden insights and evaluate SDG progress [24].
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Machine learning is also widely used for solving other complex problems. Instead of being
programmed step by step, machines can learn automatically from data. A recent study applied
ML techniques to climate change datasets, which included greenhouse gases, solar activity, and

temperature. The results supported better forecasting of environmental patterns [25].
3. Dataset

Each transaction in the dataset is identified by a Transaction ID, which serves as a
unique number to track individual records. The Amount (USD) shows the value of money
involved in the transaction, while the Time (Sec) represents the number of seconds that have
passed since the very first transaction was recorded. The Transaction Type specifies whether
the activity took place online, through an ATM, or at a Point of Sale (POS) terminal. The
Location field indicates the geographical place where the transaction occurred. Similarly, the
Device Used captures the medium of the transaction, such as an ATM, mobile application, or

web interface.

Another important attribute is the Merchant Category, which defines the type of store
or service provider, for example, electronics, grocery, or fashion outlets. The Account Age
(Years) shows how long the customer’s account has been active, providing insight into user
history and trust level. The dataset also keeps track of the Number of Previous Transactions,
which gives the historical count of how many activities have been made by the account holder.
Finally, the Fraud (Target Variable) is the most critical attribute, which indicates whether a
transaction is legitimate (0) or fraudulent (1), making it the key factor for building and testing
fraud detection models. sample dataset for financial fraud detection based on the research you
are working on. Since actual datasets (like the Kaggle Credit Card Fraud Detection dataset) are

often used in studies [26].

Table 1: Sample Dataset for Financial Fraud Detection

Transaction | Amount | Time | Transaction . Device Merchant Account NO'.Of Frau(.i ©
D (USD) (Sec) Type Location Used Categor Age Previous = Legit, 1
My gory (Years) Transactions | = Fraud)
T001 520.45 125 Online New Mobile Electronics 5 120 0
Purchase York App
T002 2480.10 390 ATM Chicago ATM Banking 8 560 1
Withdrawal Machine
T003 35.75 850 POS Dallas Card Grocery 2 45 0
Purchase Swipe
T004 960.00 1200 Online Miami Web Fashion 3 78 1
Purchase Browser
7
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T005 120.60 1480 POS Seattle Card Restaurants 6 200 0
Purchase Tap

T006 3750.95 2000 Online Houston Mobile Luxury 1 15 1
Purchase App Goods

T007 80.40 2600 POS Boston Card Grocery 4 90 0
Purchase Swipe

T0O08 2999.99 3000 AT™M Los ATM Banking 10 850 1

Withdrawal Angeles Machine

4. Backgrounds and Methodologies

With the rise of digital payments and online shopping, financial fraud has also grown,
making it harder to detect. Fraudulent transactions are very rare, often look like normal ones,
and keep changing over time. The Kaggle credit-card fraud dataset is often used in research
and contains 284,807 transactions, of which only 492 are fraudulent (about 0.17%). Most of its
features are hidden using PCA (V1-V28), while only Time and Amount are in their original
form. Detecting fraud is challenging for several reasons. The data is highly imbalanced (around
1 fraud in 577 transactions), making models favor normal transactions. Feature anonymization
restricts traditional data analysis, and fraud strategies continue to evolve, creating concept drift.
Real-time systems also need very fast responses, and missing a fraud is much more costly than
a false alarm. To handle these issues, advanced machine learning and deep learning models are

used.

Tree-based models like Random Forest and XGBoost are good for structured data,
while Deep Neural Networks (DNNs) can capture complex patterns. Optimization methods
such as Particle Swarm Optimization (PSO) and Genetic Algorithms (GA) help tune
hyperparameters better than manual methods. Cost-sensitive learning and threshold
adjustments can also improve fraud detection. This research builds baseline models (Logistic
Regression, SVM, Random Forest, XGBoost), develops an optimized DNN, applies PSO for
Random Forest and GA for XGBoost, and uses imbalance-handling methods like SMOTE,
undersampling, and class weighting. Finally, models are compared using Accuracy, Precision,

Recall, Fl-score, AUC-ROC, and processing time to choose the best one for real-world use.
Pseudocode

Step. 1  Training & Selection
Step. 2 Split data (stratified).

Step. 3 Build two imbalance pipelines: {undersample+SMOTE} and {class weights}.
Step. 4  Train LR, SVM, RF, XGB on both; CV tune.
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Step.
Step.
Step.
Step.

O o0 3 O WD

Step.

Step. 10 GA for XGBoost (sketch)

Evaluate on test; log metrics + times.

Select best model; package for deployment.

Step. 11 Initialize population of hyperparameter sets.

Calibrate probabilities; set threshold by F1 or target Precision.

Train DNN with class weights/focal loss; tune via Bayesian/Random search.

Optimize RF with PSO; XGB with GA.

Step. 12 For each generation: train via CV — compute fitness (FI/AUC) — selection —

crossover — mutation.

Step. 13 Return best hyperparameters.
Step. 14 PSO for Random Forest (sketch)

Step. 15 Initialize particles (hyperparameters) with velocities.

Step. 16 Iterate: evaluate fitness — update personal/global best — update
velocities/positions.
Step. 17 Return the best hyperparameters.
5. Experimental Results
Table 2. Model Performance Comparison Table
Model Accuracy | Precision | Recall Sf;;e AUC- | Processing
(%) (%) (%) (%) ROC Time (s)
(1]
Logistic Regression 94.85 65.20 72.40 68.60 0.923 12.5
(LR)
Support Vector 95.12 68.30 74.10 71.00 0.931 18.7
Machine (SVM)
Random Forest 96.44 78.90 81.30 80.10 0.957 15.3
(RF)
XGBoost 96.87 80.50 83.70 82.10 0.962 17.8
(XGB)
Optimized RF 97.45 83.10 85.20 84.10 0.971 19.6
(with PSO)
Optimized XGBoost 97.82 85.60 87.40 86.40 0.976 20.4
(with GA)
Deep Neural 97.25 84.20 86.00 85.10 0.972 22.3
Network (DNN)
Optimized DNN 98.14 87.80 89.40 88.60 0.983 23.5
(Proposed Model)
9
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Model Performance: AUC-ROC
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Fig. 4. Model training time comparison

6. Results and Discussions

The results from the experiments, shown in the table and graphs, compare different
machine learning and deep learning models for detecting financial fraud. Each model was
tested using measures such as Accuracy, Precision, Recall, F1-Score, AUC-ROC, and
Processing Time. The first graph, which compares Accuracy and Precision, shows that basic
models like Logistic Regression and SVM work well but are not as strong as advanced models.

Random Forest and XGBoost perform better, while the Optimized Deep Neural Network
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(DNN) gives the best balance between accuracy and precision. The second graph, which looks
at Recall and F1-Score, highlights that the Optimized DNN has the highest values compared to
other models. This is important because in fraud detection, identifying fraudulent cases (Recall)
is more important than only being accurate with normal transactions. The third graph, based on
AUC-ROC, confirms that advanced models such as Random Forest, XGBoost, and especially
the Optimized DNN are much stronger at separating fraud from non-fraud. A higher AUC-ROC

means the model can make better decisions with fewer errors.

Finally, the Processing Time graph shows that Logistic Regression and SVM are the
fastest, but their detection ability is weaker. Advanced models take more time, and while the
Optimized DNN takes slightly longer to run, it provides the most reliable and accurate results.
This makes it suitable for use in real-life fraud detection systems where accuracy is more
important than small differences in time. Overall, the Optimized DNN was the best-performing
model, showing strong results across all metrics and proving that deep learning can detect fraud

more effectively than traditional methods.
7. Conclusion

This research studied different models for financial fraud detection and found that while
simple models like Logistic Regression and SVM are faster, they fail to detect many fraudulent
cases. Random Forest and XGBoost perform better, but the Optimized Deep Neural Network
achieved the highest scores overall. The DNN showed better performance in Recall, F1-Score,
and AUC-ROC, which are very important for fraud detection. Even though it takes a little more
time to process, the extra accuracy makes it the most reliable option for detecting fraud in
online transactions. Therefore, the Optimized DNN is the most suitable model for identifying

fraud and can be applied to banking and e-commerce platforms to reduce financial losses.
8. Further Research

Although the Optimized Deep Neural Network showed the best results in fraud
detection, there are still opportunities to make further improvements. Future studies can focus
on developing faster models that work effectively in real-time financial systems, as well as
hybrid approaches that combine deep learning with ensemble methods like Random Forest or
XGBoost to enhance performance. Another important direction is to design adaptive models
that can automatically adjust to new and changing fraud patterns, since fraudulent activities
keep evolving. At the same time, explainable Al techniques can be used to make these models

more transparent, helping banks and companies understand and trust the system’s decisions.
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Finally, large-scale testing on real transaction data can validate the reliability of these models

in practical scenarios, making them more suitable for real-world fraud prevention.
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