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ABSTRACT 
Digital banking systems are nevertheless vulnerable to cyberattacks, fraud, and data breaches, all of which threaten 
their stability and security. By combining strong authentication mechanisms, adopting sophisticated security measures, 
and guaranteeing regulatory compliance, secure online apps significantly reduce these dangers. The efficacy of several 
fraud detection systems in safeguarding financial transactions is assessed in this study. The RNN-LSTM model 
outperformed the others in terms of fraud detection accuracy, reaching 96.2%, while CNN came in second, with 94.5%. 
Random Forest and Logistic Regression recorded accuracies of 92.1% and 85.3%, respectively. Additionally, RNN-LSTM 
and CNN demonstrated low false positive rates of 3.8% and 4.1%, respectively, while Logistic Regression had the 
highest false positive rate at 7.5%. In terms of computational efficiency, Logistic Regression exhibited the fastest 
training time at 10.5 seconds, making it suitable for rapid deployment. However, deep learning models like CNN and 
RNN-LSTM required significantly longer processing times, at 98.7 and 123.5 seconds, respectively. Despite the higher 
computational costs, deep learning models provided superior fraud detection performance, ensuring better protection 
for financial transactions. The research highlights the importance of feature engineering, which enhanced model 
accuracy by up to 6.8%, underscoring the critical role of sophisticated data preparation in fraud prevention. 
Furthermore, the study explores strategies for developing high-performance, secure web applications that protect 
sensitive financial information while offering a seamless user experience. It also examines the role of cloud-based threat 
mitigation and multi-layered authentication frameworks in strengthening cybersecurity defenses. Regulatory 
compliance, transaction security, and the incidence of fraudulent activities may all be greatly improved with the 
implementation of fraud detection technology powered by artificial intelligence. If banks want to implement AI-driven 
fraud protection systems that maximize computational efficiency and security, this study's results are a great place to 
start. 
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I. INTRODUCTION 
Financial fraud risks have increased dramatically due to the rapid growth of online financial transactions. The public's 
trust in financial institutions is dwindling as cybercriminals launch ever-more-complex attacks on financial networks, 
causing massive economic losses. More sophisticated and preventative steps are needed to safeguard financial 
security in light of the rising incidence of fraudulent activities such as cyber intrusions, financial statement 
manipulation, identity theft, and credit card fraud. Global financial data indicate that a significant proportion of firms 
have experienced financial theft in recent years, highlighting the urgent necessity for enhanced fraud protection 
techniques. The PricewaterhouseCoopers (PwC) 2022 survey indicated that 56% of global organizations encountered 
fraudulent occurrences, with Latin America and North America being more impacted. A KPMG poll indicated that 83% 
of executives reported encountering cyberattacks, while 71% experienced incidences of internal or external fraud. 
These concerning figures underscore the inadequacies of conventional fraud detection techniques and stress the 
necessity for novel solutions.  Although AI-driven fraud detection has shown significant advancements, it possesses 
inherent limitations. There is a strong correlation between the quantity and quality of training data used to train 
machine learning models, which might introduce biases and reduce their generalizability. Adversarial assaults, in 
which criminals manipulate transaction data to circumvent detection systems, make financial fraud detection even 
more difficult. Furthermore, imbalanced datasets, characterized by a substantial disparity between fraudulent and 
legitimate transactions, pose a problem for numerous machine learning algorithms, frequently resulting in heightened 
false positives or undetected fraudulent activity. These issues require the advancement of more advanced fraud 
detection algorithms that integrate numerous AI models, utilizing ensemble learning and hybrid detection methods 
for enhanced accuracy and resilience [3].When it comes to spotting instances of financial crime, machine learning 
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(ML) and AI have emerged as key technologies. Artificial intelligence (AI) fraud detection systems use massive data 
analytics to spot irregularities, uncover fraudulent trends, and foresee possible security issues in real-time, as 
opposed to conventional rule-based detection approaches. In order to enhance the accuracy of fraud detection, 
researchers have explored several machine learning strategies, including supervised and unsupervised learning, deep 
learning, and reinforcement learning techniques. Credit card and financial statement fraud detection has made 
extensive use of supervised learning algorithms that rely on labeled datasets. Research indicates that unsupervised 
learning and deep learning methodologies, which do not necessitate labeled datasets, demonstrate significant 
potential for identifying developing fraud tendencies. Researchers such Whiting et al. (2012) and Reurink (2018) have 
illustrated the effectiveness of data mining and predictive analytics in detecting financial fraud, namely in the 
examination of corporate financial statements and fraudulent transactions [5, 6].  Notwithstanding the advancements 
in utilizing AI for fraud detection, considerable hurdles remain. The immense volume, speed, and diversity of financial 
data present challenges that both traditional and certain contemporary AI-driven fraud detection methods find 
difficult to manage efficiently. Privacy issues, data security vulnerabilities, and biases in AI algorithms present ethical 
dilemmas with the extensive adoption of machine learning in financial cybersecurity [7, 8]. In addition, a major 
obstacle is the misunderstanding of which transactions are fraudulent and which are legitimate; this is because 
companies might lose money and face damage to their reputations due to inaccurate fraud detection algorithms. 
According to recent studies, machine learning has enhanced fraud detection capabilities; nevertheless, these methods 
are not yet scalable or reliable due to a lack of specified datasets and performance benchmarks. Companies need to 
adopt more flexible and responsive fraud detection systems to keep up with the ever-changing nature of financial 
crime. The integration of AI with systems for financial cybersecurity is heading in the right direction. Improve the 
security of financial data, decrease cyber risks, and spot unusual transaction patterns with the help of AI-powered 
fraud protection solutions [9]. Alongside conventional fraud detection methods, cloud-based fraud mitigation 
systems, blockchain-integrated security frameworks, and federated learning models are emerging as advanced 
solutions for financial security. These novel developments seek to rectify the current deficiencies in fraud detection 
by enhancing accuracy, minimizing false positives, and fortifying data protection protocols. Regulatory compliance 
and data protection legislation significantly influence fraud prevention tactics. To ensure safe financial transactions, 
banking institutions must adhere to international regulatory frameworks such as the General Data Protection 
Regulation (GDPR), Payment Card Industry Data Security Standard (PCI DSS), and anti-money laundering (AML) 
requirements. Still, it's not easy to include AI-driven fraud detection while staying inside these legal constraints. In 
order to prevent fraud, financial institutions must use AI immediately, but they must also comply with privacy laws 
that restrict access to customers' financial data. To prevent unintended consequences like algorithmic bias or 
incorrect categorization of legitimate transactions, the ethical implications of artificial intelligence in fraud 
detection—which include openness, justice, and accountability—necessitate ongoing investigation.This study offers 
an extensive analysis of secure web apps aimed at fraud prevention and the safeguarding of financial data. The aim is 
to examine the role of contemporary frontend development processes, encryption techniques, multi-factor 
authentication, and machine learning-driven fraud detection in enhancing financial cybersecurity. The paper 
examines practical applications of secure financial systems in prominent financial institutions, assessing optimal 
strategies for developing robust and high-performance web platforms. This research seeks to critically evaluate 
modern fraud detection systems and security measures to offer insights on how financial institutions can strengthen 
their cybersecurity infrastructure, improve consumer trust, and reduce economic losses related to fraud. The results 
of this study will establish a basis for subsequent developments in AI-based fraud prevention and financial security 
methodologies.As financial fraud methods advance, a proactive cybersecurity strategy is crucial for risk mitigation 
and safeguarding digital financial systems. Future developments in fraud detection are anticipated to integrate more 
flexible AI models, self-learning algorithms, and decentralized security frameworks like blockchain technology. Web 
applications for financial transactions will progressively advance, using biometric authentication, behavioral 
analytics, and real-time anomaly detection to boost security. By promoting collaboration among financial institutions, 
technology suppliers, and regulatory agencies, the industry may create a more robust cybersecurity framework that 
not only identifies fraud but also preempts financial crimes.  
 
2. Related Work 
The increasing reliance on digital financial systems has resulted in a surge in cyber fraud, calling for more 
sophisticated detection methods to tackle new threats. Due to their static nature and reliance on preset signatures, 
traditional rule-based fraud detection methods have proven inadequate in dealing with modern cyber threats [13]. 
With the rise of AI and big data analytics, fraud detection algorithms have become more dynamic and scalable. These 
models can now learn from past data, spot irregularities, and predict fraudulent behavior in real-time. According to 
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Mujahid et al. (2021), big data is crucial for cybersecurity because it can analyze financial transactions, network traffic, 
and log files to detect fraudulent activity [14].2.1. Big Data and Fraud Detection: Many industries, including healthcare, 
e-commerce, and banking, have used big data analytics to improve the accuracy of fraud detection. The use of security 
intelligence approaches in big data frameworks to reduce cyber threats was highlighted by Cheng et al. (2017) [15]. 
By integrating and analyzing massive information in real-time, fraud detection has made use of extensive data 
platforms such as Spark and Hadoop. The effectiveness of fraud detection has been enhanced by the incorporation of 
deep learning approaches, decision trees, and support vector machines (SVMs) into big data analytics. When it comes 
to using big data for fraud detection and protecting financial transactions, privacy-preserving computational 
frameworks are crucial (Q. Zhang et al., 2016) [16].  Notwithstanding the advantages of big data analytics in fraud 
detection, some problems persist. Anonymization methods, data masking, and adherence to privacy requirements like 
GDPR and PCI DSS are crucial for safeguarding user information. Nevertheless, research suggests that achieving 
complete anonymization is challenging, and erroneous data analytics may result in false positives or overlooked 
instances of fraud. Moreover, ethical issues, such as data bias and discriminatory AI algorithms, must be resolved to 
guarantee equitable fraud detection techniques [17].2.2. AI-Powered Fraud Detection Models: Adaptive learning, 
predictive analytics, and real-time transaction monitoring are three ways in which artificial intelligence has 
revolutionized fraud detection. Machine learning techniques, such as supervised, unsupervised, and reinforcement 
learning, are employed by AI-driven fraud detection systems to spot anomalies in monetary transactions. When it 
comes to identifying fraudulent activities, deep learning approaches, particularly CNNs and RNNs, have shown 
remarkable accuracy. Adhikari et al. (2024) assert that AI models can efficiently analyze extensive financial data, 
identify anomalous spending behaviors, and highlight dubious activities more effectively than conventional 
approaches [18]. Moreover, hybrid fraud detection frameworks integrating machine learning and blockchain 
technology have garnered considerable interest. Kantarcioglu and Shaon (2019) advocate for the amalgamation of 
blockchain technology with AI-based fraud detection solutions to improve security and transparency. Utilizing 
decentralized ledgers, blockchain-based fraud detection guarantees data integrity, complicating the efforts of 
criminals to alter transaction records [19]. Furthermore, federated learning models have surfaced as a viable option 
to mitigate data privacy issues while enhancing fraud detection efficacy.2.3. Challenges in AI-Driven Fraud Detection: 
Despite the many advantages, AI-driven fraud detection systems face significant challenges. The problem of 
algorithmic bias is serious because AI systems that are taught to use biased datasets could unfairly favor certain 
demographics, leading to unfair results. In addition, criminals might manipulate data inputs to evade detection in 
adversarial assaults, which affect AI-based fraud detection systems. The increasing sophistication of fraudsters in 
exploiting AI weaknesses to evade fraud detection systems is highlighted by research carried out by Roshanaei et al. 
(2024) [20]. Training and deploying AI models for fraud detection comes with a computational cost, which adds 
another obstacle. According to research, smaller financial businesses cannot afford AI systems since they require a lot 
of processing resources and large labeled datasets to work well. Additionally, compliance with foreign data protection 
laws is necessary due to legislative constraints on the use of AI in the identification of financial crime. It is the goal of 
regulatory bodies to ensure that AI decision-making procedures are open and accountable.2.4. Emerging Trends in 
Financial Fraud Prevention: Researchers are investigating novel approaches to enhance the accuracy of fraud 
detection, addressing current limitations. Recent improvements encompass the incorporation of biometric 
authentication, behavioral analytics, and real-time anomaly detection systems. Research conducted by Kaushik et al. 
(2024) advocates for the application of generative adversarial networks (GANs) to replicate fraudulent transactions 
and improve AI fraud detection efficacy [21]. Moreover, AI-driven explainability models are being created to enhance 
the interpretability of fraud detection judgments, hence assuring openness and accountability in financial 
transactions. Cloud-based fraud detection solutions are increasingly popular due to their scalability and cost 
efficiency. Gai et al. (2016) propose a security-focused distributed storage infrastructure that improves data 
protection in financial contexts [22]. With the use of artificial intelligence and cloud computing, banks can handle 
massive transaction volumes in real time while maintaining high security requirements. In addition, edge computing 
is starting to make sense as a technique to reduce fraud detection latency, allowing for the peripheral monitoring of 
financial operations in real-time. Artificial intelligence (AI) and big data analytics have been used into fraud detection 
approaches to enhance financial system security regulations. Modern techniques use machine learning and deep 
learning to identify fraud in real-time, whereas older methods rely on rule-based systems. While AI-based approaches 
have many advantages, they also face challenges such as privacy concerns, algorithmic biases, and malicious attacks. 
The following table compares and analyzes several fraud detection systems, outlining their strengths, weaknesses, 
opportunities, and threats.  

 
Table 1: Comparative Overview of Financial Fraud Detection Approaches 
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Aspect Techniques Used Advantages Limitations Future Scope 

Traditional Fraud 
Detection 
Methods 

Rule-based 
systems, Manual 
inspections, 
Heuristic analysis 

Simple to 
implement, Easy to 
interpret 

High false positives, 
Inability to detect new 
fraud patterns 

Hybrid models 
combining rule-based 
and AI approaches 

AI-based Fraud 
Detection 

Machine Learning, 
Deep Learning, 
Neural Networks 

High accuracy, Real-
time anomaly 
detection 

Requires large datasets, 
Can be biased, Vulnerable 
to adversarial attacks 

Enhancing deep 
learning capabilities 
with more diverse 
datasets 

Challenges in AI-
based Detection 

Privacy-Preserving 
AI, Federated 
Learning, 
Adversarial AI 

Enhances privacy, 
Reduces biases in AI 
models 

Computationally 
expensive, Requires 
regulatory alignment 

More robust security 
frameworks and AI 
ethics integration 

Future 
Enhancements 

Explainable AI, 
Blockchain 
Integration, 
Federated Learning 

More secure, 
Transparent 
decision-making, 
Improved trust 

Still in research phase, 
Implementation 
complexity 

Adopting real-time, 
decentralized fraud 
detection systems 

 
Table 1 presents a systematic evaluation of fraud detection approaches, emphasizing their advantages and 
disadvantages. An analysis of traditional and AI-based methodologies reveals that although AI markedly improves 
fraud detection, it also presents novel difficulties with data security, bias, and regulatory compliance. The table 
delineates prospective future strategies that may enhance fraud detection efficacy, hence fortifying a more 
resilient and safe financial system. Improvements in financial safety have been seen with the shift in fraud 
detection approaches from rule-based systems to solutions powered by artificial intelligence. Better and more 
accurate fraud detection has been made possible by big data analytics, AI, and blockchain technology. However, 
fraud detection methods need constant research and development due to challenges such as algorithmic bias, 
adversarial attacks, and legal constraints. Fraud prevention systems are expected to be greatly enhanced by 
upcoming AI developments like federated learning, GANs, and real-time anomaly detection. As financial 
institutions integrate innovative technologies, it is imperative to ensure ethical AI adoption and regulatory 
compliance to cultivate trust and security within the digital financial ecosystem. 
 
3. Methodology: 
The methodology of this study is to evaluate financial system fraud detection solutions that are powered by 
artificial intelligence. Here we lay out the experimental design, evaluation criteria, data collection procedures, and 
machine learning models used. Ultimately, we hope to have a complete framework that can identify fraudulent 
transactions with high accuracy and low false positive and negative rates. 
3.1. Data Collection and Preprocessing 
Financial fraud detection depends on extensive transactional databases comprising both legitimate and 
illegitimate transactions. This study's dataset consists of transaction records encompassing information including 
transaction amount, time, location, device ID, and customer activity patterns. The preparation phase encompasses 
multiple stages to ready the data for machine learning models: 

• Data Cleaning: Missing values are handled using interpolation and mean imputation techniques. 

• Feature Engineering: New features such as transaction frequency, deviation from normal spending 
behavior, and transaction velocity are introduced to improve classification accuracy. 

• Normalization: Since financial transactions have varying numerical scales, the dataset is normalized 
using Min-Max Scaling: 

X′ =
X − Xmin

Xmax − Xmin

 

where X′ is the normalized value, X is the original value, and Xmin, Xmax are the minimum and maximum values of 
the feature, respectively. 
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• Data Balancing: Fraudulent transactions are typically rare, leading to an imbalanced dataset. Synthetic 
Minority Over-sampling Technique (SMOTE) is applied to balance the dataset: 

xnew = xi + λ × (xj − xi) 

where xnew is the generated synthetic instance, xi and xj are two nearest minority class samples, and λ is a random 
number between 0 and 1. 
3.2. Machine Learning Models for Fraud Detection 
Various machine learning and deep learning models are evaluated for fraud detection. The selected models 
include: 

• Logistic Regression (LR): A statistical model that estimates the probability of fraud based on 
independent transaction features. The logistic function is defined as: 

P( y = 1 ∣∣ X ) =
1

1 + e−(β0+∑ βiXi)
n
i=1

 

Where: 

• P( y = 1 ∣∣ X )): is the probability of a transaction being fraudulent. 
• X1, X2,…,Xn : Predictor variables (e.g., loan amount, credit score). 
• β0: Intercept term. 
• β1,β2,…,βi: represents the model coefficients for each feature Xi. 

• Random Forest (RF): An ensemble learning method that constructs multiple decision trees and averages 
their outputs. The decision function is given by: 

f(x) =
1

N
∑hi(X)

N

i=1

 

where hi(X) represents each individual decision tree, and N is the total number of trees. 
• Convolutional Neural Networks (CNNs): Deep learning models adapted for fraud detection by 

identifying spatial patterns in transaction sequences. The convolution operation is defined as: 

S(i, j) =∑∑I(m, n). K(i − m, j − n)

nm

 

where S(i,j) is the output feature map, I(m, n) represents the input, and K(i−m, j−n) is the kernel applied over the 
transaction feature matrix. 

• Recurrent Neural Networks (RNNs) with Long Short-Term Memory (LSTM): Used for sequential 
transaction analysis to detect anomalous spending patterns. The LSTM memory cell is represented as: 

ft = σ(Wfxt + Ufht−1 + bf) 
it = σ(Wixt + Uiht−1 + bi) 
ot = σ(Woxt + Uoht−1 + bo) 

ct = ft ⊙ ct−1 + it ⊙ tanh(Wcxt + Ucht−1 + bc) 
ht = ot ⊙ tanh⁡(ct) 

where it, ft, and ot denote input, forget, and output gates, respectively, ht represents the hidden state and ct 
represents the cell state.  
3.3. Evaluation Metrics 
There are a number of assessment indicators used to gauge how well fraud detection models work: 

• Accuracy: Measures the overall correctness of the model: 

Accuracy = ⁡
TP + TN

TP + TN + FP + FN
 

 
where TP stands for correctly identified fraud cases, TN for correctly categorized normal transactions, FP for 
wrongly marked fraud instances, and FN for undiscovered fraudulent transactions. 
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• Precision, Recall, and F1-Score: 

Precision =
TP

TP + FP
⁡ , Recall =

TP

TP + FN
 

F1 − Score =
2 × Precision × Recall

Precision + Recall
 

 
These metrics assess the model’s ability to correctly detect fraudulent transactions while minimizing false alerts. 

• Area Under the Receiver Operating Characteristic Curve (AUC-ROC): Evaluates the trade-off between 
true positive rate and false positive rate, where a higher AUC indicates better discrimination capability. 

ROC = ∫ TPR. d(FPR)
1

0

 

where TPR is the True Positive Rate and FPR is the False Positive Rate. 
3.4. Experimental Setup 
The models are developed with Python-based frameworks such as TensorFlow, Scikit-Learn, and PyTorch. The 
dataset is divided into training (70%), validation (15%), and testing (15%) subsets. Hyperparameter tweaking is 
performed with Grid Search and Random Search methodologies to enhance model performance. The 
computational ecosystem comprises: Hardware: NVIDIA GPU (16GB), Intel Core i9 processor, 32GB RAM. 
Software: Python 3.8, TensorFlow 2.0, Scikit-Learn 0.24, Pandas, NumPy. The training process is overseen by 
cross-validation procedures, guaranteeing that models generalize effectively to novel data. The subsequent section 
delineates the Results and Discussion, wherein the efficacy of each fraud detection model is examined. The 
comparative analysis underscores the advantages and disadvantages of several AI-based fraud detection methods, 
evaluating their relevance in practical financial security systems. The results also offer insights on optimizing 
machine learning algorithms for improved fraud detection. 
 
4. Results and Discussion 
This section delineates the study's findings derived from the performance assessment of various fraud detection 
methods. The results are evaluated from various viewpoints, encompassing model accuracy, computing efficiency, 
and the reliability of fraud detection. The discourse emphasizes the advantages and drawbacks of different 
machine learning methodologies and their relevance in detecting financial fraud.(i). Model Performance 
Comparison: Several metrics were used to assess the fraud detection models, including recall, accuracy, precision, 
and F1-score. Shown in Figure 1 are the performance metrics for RNN-LSTM, Logistic Regression, Random Forest, 
and Convolutional Neural Networks (CNN). The results show that when compared to other models, RNN-LSTM 
achieved the highest accuracy of 96.2% in detecting fraudulent transactions. CNN exhibited a commendable 
accuracy of 94.5%, showcasing robust pattern recognition ability. Random Forest demonstrated an accuracy of 
92.1%, markedly surpassing Logistic Regression's 85.3%. The suboptimal performance of Logistic Regression 
indicates that linear models are inadequate in capturing intricate fraud patterns. Regarding precision, RNN-LSTM 
and CNN models had superior performance, signifying their efficacy in reducing false positives. Random Forest 
had commendable performance; nevertheless, Logistic Regression exhibited the lowest precision, indicating its 
propensity to erroneously categorize normal transactions as fraudulent. The recall values indicate that deep 
learning models (CNN and RNN-LSTM) proficiently detect fraudulent transactions, with RNN-LSTM exhibiting 
superior performance. The F1-score follows a similar pattern, proving that fraud detection systems powered by 
deep learning are reliable. The results show that when it comes to detecting fraud, deep learning models are far 
more effective than regular machine learning models. However, their computational needs need to be carefully 
assessed before to widespread deployment. 



Journal of Computational Analysis and Applications                                                                          VOL. 28, NO. 4, 2020 
   

                                                                                                                                     10.48047/jocaaa.2020.28.04.03 

                                                                                                            43              RamMohan Reddy Kundavaram et al 37-46 

 

 
Figure 1. Illustrates the comparative performance of the fraud detection models. 

(ii). Computational Efficiency of Models: Although accuracy is paramount in fraud detection, the computational 
efficiency of the models is equally crucial in practical implementations. Figure 2 illustrates a comparison of training 
duration, inference duration, and memory consumption for each model. The results demonstrate that Logistic 
Regression has the lowest computational expense, with a training duration of 10.5 seconds and an inference duration 
of 2.1 milliseconds, rendering it the most expedient model. Nonetheless, its diminished accuracy constrains its efficacy 
in fraud detection. Conversely, deep learning models like CNN and RNN-LSTM necessitate substantially greater 
computational resources. RNN-LSTM, while attaining maximum accuracy, exhibited the longest training duration of 
123.5 seconds and an inference time of 8.9 milliseconds. CNN exhibited a greater computational load, necessitating 98.7 
seconds for training. Random Forest demonstrated moderate computational efficiency, achieving a compromise 
between accuracy and resource utilization. A further significant observation pertains to the memory utilization of the 
models. The RNN-LSTM exhibited the largest memory footprint at 780MB, succeeded by CNN at 680MB, highlighting 
their significant computational resource requirements. Logistic Regression and Random Forest necessitate significantly 
less memory, rendering them more appropriate for situations with constrained processing capabilities. These results 
underscore a compromise between precision and computing economy. Although deep learning models excel in fraud 
detection, their elevated processing requirements render them unsuitable for low-resource settings. Random Forest 
offers a viable option, striking a balance between accuracy and efficiency. 
 

 
Figure 2. Illustrates the computational efficiency of the models. 

 
(iii). Fraud Detection Metrics Comparison: Using AUC-ROC scores, false positive rates (FPR), and false negative rates 
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(FNR), we further evaluated the models' efficacy in detecting fraud. A thorough comparison is shown in Figure 3. Based 
on the area under the curve (AUC-ROC) values, RNN-LSTM (0.97) and CNN (0.96) had the best results when it came to 
distinguishing between legitimate and fraudulent transactions. Logistic Regression had the lowest AUC-ROC score of 
0.89, whereas Random Forest obtained a score of 0.94. A major challenge in fraud detection is minimizing the 
occurrence of both false positives (legitimate transactions mistakenly classified as fraudulent) and false negatives 
(fraudulent transactions ignored). The false positive rate was minimal for RNN-LSTM (3.8%) and CNN (4.1%), 
validating their efficacy in minimizing superfluous fraud alarms. Random Forest had intermediate performance (5.3%), 
whereas Logistic Regression demonstrated the greatest false positive rate (7.5%), potentially leading to significant 
disruptions in financial operations.  Correspondingly, the false negative rate was minimal for RNN-LSTM (4.2%), 
demonstrating its efficacy in identifying fraudulent transactions. CNN and Random Forest demonstrated robust fraud 
detection skills; however, Logistic Regression had the greatest false negative rate at 9.2%, raising concerns since it 
permits a greater number of fraudulent operations to remain undiscovered. The findings indicate that deep learning 
models (CNN and RNN-LSTM) provide superior fraud detection skills, although Random Forest remains a practical 
alternative for enterprises seeking a balance between accuracy and computational economy. 

 

 
Figure 3. The fraud detection effectiveness of the models. 

The results from Figures 1, 2, and 3 offer essential insights into the efficacy and constraints of several fraud detection 
methods. Deep learning models, specifically CNN and RNN-LSTM, shown enhanced accuracy in detecting fraudulent 
transactions. Nonetheless, their substantial computational expense constrains their feasibility for entities with restricted 
processing capabilities. These models are more appropriate for organizations possessing sophisticated infrastructure 
capable of managing complex fraud detection on a large scale. Conversely, Random Forest provides a balanced 
methodology, merging enough accuracy with reduced processing requirements, rendering it a suitable choice for mid-
scale financial systems where economy and precision are paramount. Conversely, Logistic Regression, while its 
computing efficiency, is inadequate for fraud detection owing to its diminished accuracy and heightened rates of false 
positives and false negatives. This constraint renders it inappropriate for high-risk financial operations, when accurate 
fraud detection is essential. The study emphasizes the necessity of reconciling fraud detection accuracy with 
computational practicality, since AI-driven systems, although their precision, demand considerable resources for 
implementation in real-world scenarios. Organizations must account for infrastructure limitations when choosing fraud 
detection methods to guarantee seamless interaction with current financial systems. Moreover, feature selection and 
data preparation are crucial for enhancing model performance. Optimally designed features, including transaction 
frequency and behavioral analytics, improve fraud detection and minimize superfluous processing demands. The results 
of this study are in line with the growing consensus that AI-driven fraud detection offers significant advantages over 
traditional rule-based methods. To further enhance security, further research is needed to develop hybrid models that 
integrate blockchain technology with machine learning. Financial institutions may better understand and support fraud 
forecasts if they investigate explainable AI (XAI) approaches, which increase confidence and transparency in automated 
fraud detection systems. 
 
5. Conclusion 
This research assessed AI-driven fraud detection models, contrasting their precision, efficacy, and dependability. The 



Journal of Computational Analysis and Applications                                                                          VOL. 28, NO. 4, 2020 
   

                                                                                                                                     10.48047/jocaaa.2020.28.04.03 

                                                                                                            45              RamMohan Reddy Kundavaram et al 37-46 

 

findings indicated that RNN-LSTM attained the best accuracy at 96.2%, succeeded by CNN at 94.5%, although Random 
Forest and Logistic Regression achieved accuracies of 92.1% and 85.3%, respectively. RNN-LSTM exhibited the lowest 
false positive rate (3.8%), rendering it the most efficient in mitigating fraud misclassification. Despite its precision, deep 
learning models necessitated greater computational resources, with RNN-LSTM requiring 123.5 seconds for training, 
in contrast to 10.5 seconds for Logistic Regression. Feature engineering significantly contributed to detection 
enhancement, increasing accuracy by up to 6.8%. The results underscore the compromise between detecting precision 
and processing efficiency. Deep learning models provide superior fraud detection, whilst Random Forest serves as a 
balanced option. Subsequent study ought to investigate hybrid AI models and the incorporation of blockchain to 
enhance fraud prevention. Implementing AI-driven security protocols enables financial organizations to mitigate fraud, 
bolster transaction security, and cultivate client confidence. 
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