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Abstract: Since fraud is now much more common and sophisticated due to digital payments and online financial 

services, financial institutions need to be able to identify it promptly and accurately. In the context of real-world 

transaction streams, standard rule-based and classical machine learning techniques typically encounter difficulties with 

complicated temporal linkages, unbalanced transaction data, and fraud patterns that change over time. This paper 

provides a deep learning-based fraud detection system that models transactional activity and detects anomalous 

behaviors with high recall and precision in order to overcome these limitations.  

 

The suggested method integrates representation learning and deep sequence learning to find both short-term and long-

term patterns in transaction data. To comprehend how user activities correlate over time, recurrent and attention-based 

neural architectures are used to simulate transaction sequences. Compact representations of valid transactions are 

learned by an autoencoder-based anomaly detection module, which then identifies any deviations that point to fraud. 

Reconstruction mistakes, engineering behavioral data, and supervised classification scores are combined in a fusion 

layer to generate a high fraud risk score for every transaction. When there are numerous classes that differ significantly 

from one another, this hybrid design facilitates the detection of fraud as well as the discovery of novel fraud tactics.  

 

Using benchmark transaction datasets that replicated real attacks, we tested the system in fake fraud situations. Based 

on the F1-score and the area under the precision-recall curve, experimental results demonstrate that the suggested 

model consistently performs better than both stand-alone deep learning models and conventional machine learning 

baselines. Additionally, it may be deployed immediately due to its short inference latency. By elucidating concepts and 

supporting decision-making, feature attribution methodologies can facilitate model comprehension. The findings 

demonstrate the efficacy of deep learning-based fraud detection systems and provide crucial criteria for developing 

scalable, accurate, and reliable AI solutions in financial contexts. 

 

Keywords: Financial transaction analysis, deep learning, class imbalance, sequence modelling, autoencoders, 

explainable artificial intelligence (XAI), financial cybersecurity, anomaly detection, fraud detection, and real-time 

fraud analytics. 

 

I. INTRODUCTION 

 

The way that people and companies do business has changed as a result of the digitization of financial services. All 

throughout the world, it has simplified things, expedited payments, and increased service accessibility [1]. Money 

laundering, identity theft, account takeovers, and credit card fraud have all significantly increased because of this 

ruling. Industry polls indicate that financial fraud costs companies billions of dollars annually, not counting 

government fines, unhappy customers, and tarnished brands. As the quantity of transactions rises, human checks and 

conventional rule-based systems are unable to keep up with the scope, complexity, and evolving nature of 

contemporary financial crime [2].  

 

Most conventional fraud detection techniques depend on pre-existing rules or machine learning models that use 

manually created features [3]. The Caliber of the feature engineering is crucial to these solutions. They are effective in 

identifying current fraud trends, but they are not always able to identify novel attack tactics. Additionally, the class 

structure of real-world transaction data is incredibly unequal, with fraudulent transactions making up a very small 

portion of the total activity. Because of needless transaction blocking and manual inquiries, this mismatch results in 

biased learning, a high number of false positives, and high operating expenses. Static models make it challenging to 

define the stringent time and behavior requirements of fraud patterns. 

 

Potential solutions to these problems have been demonstrated by recent developments in artificial intelligence, 

especially deep learning. Nonlinear and hierarchical representations of raw transaction data can be produced using deep 

neural networks [4]. In transaction sequences, this allows us to explain intricate relationships and changes across time. 
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In terms of monitoring user behavior, identifying minor problems, and reacting to new fraud trends, several designs—

such as recurrent neural networks, attention mechanisms, and autoencoders—have demonstrated considerable promise. 

Deep learning has new issues, though, including how easy it is to understand, how quickly it can calculate, how private 

the data is, and how resistant the model is to attacks, when used to detect fraud in the real world [5].  

 

To increase transaction-level fraud detection accuracy and dependability in this case, the study suggests an AI-based 

fraud detection system that combines anomaly detection with deep sequence modelling [6]. The suggested approach 

combines supervised and unsupervised learning to lower false positives, enhance the identification of new fraud types, 

and help people make decisions in real-time in financial systems. 

 

II. RELATED WORK & TAXONOMY 

 

Fraud detection research has moved from rule-based systems to more sophisticated models based on artificial 

intelligence as financial transactions have expanded in size and complexity. Early fraud detection systems mostly used 

statistical thresholds and criteria established by experts [7]. They could not be enlarged or modified, but they worked 

well for known fraud trends. These technologies could not keep up with the ever-evolving fraud schemes and needed 

frequent human updates.  

 

Then, a lot of people started using traditional machine learning (ML) methods as gradient boosting models, logistic 

regression, decision trees, support vector machines, and random forests [8]. By learning from previously labeled data 

and generating variables like transaction speed, spending patterns, and merchant risk scores, these algorithms increased 

the accuracy of detections. However, extremely unequal class distributions, multidimensional feature spaces, and the 

inability to precisely describe long-term temporal relationships remain problems for conventional machine learning 

models.  

 

Deep learning-based fraud detection, which can create sophisticated representations from sequential and raw 

transaction data, has become the center of attention due to recent developments [9]. Both convolutional and 

feedforward neural networks have made use of structured transaction properties. Both Long Short-Term Memory 

(LSTM) models and recurrent neural networks (RNNs) are frequently employed to record user behavior over time. By 

modelling long-range relationships, attention techniques in transformer-based systems enhance performance. 

Additionally, autoencoders and variational autoencoders have been studied for unsupervised anomaly detection, 

especially in situations when there is a lack of labelled fraud data.  

 

Graph-based fraud detection is another recent innovation that describes how transactions link accounts, merchants, 

devices, and locations using graphs. By identifying the relationships between various items, Graph Neural Networks 

(GNNs) have demonstrated a great deal of potential in identifying organized and collusive fraud [10]. An increasing 

number of people are realizing the superiority of hybrid approaches that combine graph learning, anomaly detection, 

and supervised classification.  

 

The list of several fraud detection techniques that follows offers a systematic summary of recent studies. 

 

 
Figure 1: Taxonomy of AI-Based Fraud Detection Approaches 
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III. DATA 

 

A. Data Sources 

The effectiveness of fraud detection models based on artificial intelligence is significantly influenced by the quality, 

diversity, and representativeness of transaction data. Through the use of computer-generated transaction data and 

publicly available benchmark datasets, this study simulates fraud scenarios that are representative of real-world 

situations. While synthetic data allows controlled modelling of rare and emergent fraud behaviours—which are typically 

underrepresented in real datasets—public datasets offer replication and comparison with prior research. When it makes 

sense, the framework can also interact with data from proprietary financial institutions, provided that stringent privacy 

and legal standards are fulfilled [11]. 

 

B. A description of the dataset 

Statistics (such the transaction amount and the interval between transactions), categories (including merchant type, 

transaction type, and location), and behavioural characteristics derived from past activity are frequently included in 

transaction records. Fraud labels show if a transaction is fraudulent or legitimate. One major problem is that, with less 

than 1% of all transactions being fraudulent, there is a large class imbalance [12]. Stratified temporal splits are employed 

to preserve realistic fraud distributions throughout the training, validation, and test sets in order to prevent bias. 

 

C. Data Preparation 

Data pretreatment includes establishing consistent semantic linkages by encapsulating category variables using 

embedding approaches, standardizing numerical features, and filling in missing data [13]. Temporal features, such as 

transaction speed, frequency, and total amounts over time, are constructed using sliding windows to show short- and 

long-term spending habits. Every feature engineering operation is carried out just during training windows to avoid data 

leaking. 

 

D. Handling Class Disparities 

Many techniques, such as cost-sensitive learning, class-weighted loss functions, and targeted loss, are employed to solve 

the problem of class imbalance. Oversampling techniques are exclusively applied on training data [14]. The natural class 

distributions of the test and validation sets are preserved to guarantee the accuracy of performance evaluation. 

 

Table 1. Summary of Transaction Datasets 

 

 
 

IV. PROPOSED METHODOLOGY 

 

By identifying intricate behavioral patterns in transactional data, the suggested AI-based fraud detection method seeks 

to identify fraudulent transactions [15]. The system uses a hybrid learning approach that combines unsupervised 

anomaly detection with supervised deep learning for classification in order to increase its resilience to changing fraud 

tendencies. 
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A. Overview of the System 

Data preparation, feature representation, deep learning-based fraud detection, and decision combining are the four main 

processes in the procedure [16]. The incoming transaction data must first be cleaned up and arranged into number and 

category attributes. Afterwards, these attributes undergo a sequence of deep learning modules, each of which 

concentrates on a different facet of fraud. The data is used to calculate a total fraud risk rating. 

 

B. Displaying Features 

A combination of categorical factors (such the kind of transaction and the merchant category), derived behavioural 

features (like transaction speed, frequency, and expenditure variance), and raw data (like the transaction amount and 

time) are used to define each transaction [17]. While categorical variables are encoded using embedding layers, 

numerical characteristics are normalized using normalization. To show how user activity changes over time, sequential 

transaction windows are made. 

 

C. Models for Deep Learning 

To learn how people spend their money over time and assess the probability that each transaction is fraudulent, a 

supervised sequence model (LSTM or Transformer) is employed [18]. At the same time, an anomaly detection module 

based on autoencoders is trained mostly on actual transactions to understand how things typically operate. Odd 

transactions are those that have a high number of reconstruction errors. This dual modelling approach enables the 

identification of both new assaults and known fraud tendencies. 

 

D. The decision-making and fusion layers 

A lightweight multilayer perceptron (MLP) is created by combining the anomaly score, the supervised classifier's 

outputs, and the manually created features [19]. The final fraud risk score generated by this fusion layer is compared to a 

preset threshold in order to initiate alerts or stop transactions. Nearly immediate inference is made possible by the design. 

 

 
Figure 2: Proposed Methodology 

 

V. EXPERIMENTAL SETUP 

 

A. Dataset Splitting Strategy 

To provide a fair and accurate evaluation, we split the transaction datasets using a time-based method rather than 

random sampling [20]. The model is trained using past transactions, and it is tested and validated using subsequent 

transactions. Since models must forecast potential fraud based on past behavior, this approach keeps information from 

escaping and is more in line with how things operate in the actual world. Usually, there is a 70% teaching, 15% 

validation, and 15% testing breakdown. In the validation and test sets, this maintains the initial fraud rate. 

 

B. Similar models 

The effectiveness of the proposed deep learning framework is illustrated by comparing it with many popular baseline 

models. Among the most popular machine learning baselines are geometric regression, random forests, and gradient 

boosting models (XG Boost/Light GBM) trained on generated transaction features [21]. An independent feedforward 

neural network and a sequence-based LSTM classifier that is unable to identify anomalies make up deep learning 

baselines. You may assess the effectiveness of different modelling paradigms in a thorough way thanks to these 

baselines. 
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C. Constructing the Instruction 

With a starting learning rate of 0.0001, the Adam optimizer is used to train all deep learning models. To deal with class 

imbalance, concentrated loss and class-weighted loss functions are used [22]. The validation process uses early 

stopping based on the area under the precision-recall curve to prevent overfitting. A maximum of 50 epochs is allowed 

for model training, and batch sizes are chosen according to hardware constraints to guarantee consistent convergence. 

D. Assessment metrics 

Due to the significant imbalance in fraud detection, evaluation places more emphasis on precision, recall, the F1-score, 

and the area under the precision-recall curve (AUC-PR), as these metrics yield more useful information than accuracy. 

Additionally provided for completeness is the AUC-ROC [23]. In order to determine whether real-time deployment is 

possible, latency and throughput are also assessed. The financial impact is measured whenever possible using a cost-

sensitive statistic. 

 

E. Constructing the Environment 

Python and deep learning tools like TensorFlow and PyTorch are used in our investigations [24]. To make sure our 

models function well in real-world scenarios, we train on GPUs and assess inference latency on CPUs. Performance 

and practical relevance are maintained in this configuration. 

 

VI. RESULTS & ANALYSIS 

 

In comparison to baseline models, the performance of the suggested AI-based fraud detection system is thoroughly 

examined in this section [25]. We go over quantitative statistics, ablation analysis, and qualitative observations to help 

you comprehend the model's operation and practical implications. 

 

A. Analysing Quantitative Performance 

The suggested model's performance in relation to traditional machine learning and deep learning models is shown in 

Table 2. Two examples of classical models with high recall but low precision because of a high number of false 

positives are logistic regression and random forests [26]. While speed is improved, temporal dependencies are still not 

properly captured by gradient boosting. The suggested hybrid framework, on the other hand, achieves the maximum 

F1-score and AUC-PR, demonstrating that it can detect fraud even when one class is substantially more prevalent than 

the other. Deep learning models, on the other hand, perform better. 

 

Table 2. Performance Comparison of Fraud Detection Models 

 

 
 

B. Precision–Recall and ROC Analysis 

A few models' ROC and precision-recall curves are shown in Figure 3 [27]. The suggested model routinely performs 

better than the baseline curves, especially in the high-recall areas that are crucial for fraud detection systems. The 

model is more likely to identify fraud while reducing false positives if the AUC-PR is higher. 

 

 
Figure 3: Precision-Recall Curve for Fraud Detection Models 
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Figure 4: ROC Curve for Fraud Detection Model 6.3 Ablation Study 

 

omitting the autoencoder lowers the F1-score by about 8%, whereas omitting temporal sequence modelling lowers 

performance by 10%, according to an ablation analysis. This illustrates how anomaly detection and supervised 

sequence learning work well together [28]. 

 

 
Figure 5. Ablation Study: Impact of Model Components on F1-Score 

 

C. Discussion of Findings 

Overall, the results show that combining anomaly detection and deep sequence modelling greatly increases the 

accuracy and dependability of fraud detection. Because the hybrid approach may identify both known and new fraud 

tendencies, it is helpful for real-world systems that keep an eye on financial transactions [29]. 

 

VII. ABLATION & SENSITIVITY STUDIES 

 

We conduct numerous sensitivity and ablation tests to better understand the role of each component and the efficacy of 

the suggested AI-based fraud detection framework [30]. These examples show how the practical performance of 

detection might be impacted by various architectural and parameter choices. 

 

A. Analysis of Model Components Using Ablation 

The ablation study explores the consequences of changing or removing important components of the suggested 

framework. One module at a time, we get rid of the entire hybrid model. These modules consist of the sequence 

learning model, autoencoder-based anomaly detector, and fusion layer. The results show that the F1-score sharply 

drops when the autoencoder is removed, suggesting that it is less capable of identifying novel or evolving fraud 

schemes. Eliminating the sequence model also drastically lowers performance, highlighting the significance of 

monitoring the evolution of transactions over time. Performance is drastically reduced when the fusion layer is 

eliminated. This illustrates that in order to draw reliable and accurate conclusions; it is necessary to take into account a 

variety of fraud indicators [31]. 

 

B. Sequence length sensitivity 

You modify the length of the transaction sequence used for temporal modelling in order to conduct a sensitivity 

analysis [32]. Short videos show how consumers spend money right away, but they might not capture long-term 

patterns. Conversely, longer sequences are more challenging to compute but offer more context for behavior. 

According to the results of the experiment, middle sequence lengths offer the best balance between a tolerable 

inference delay and greater F1-scores. Although they have some small benefits, very long sequences are less useful for 

real-time applications. 
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C. Attention to how class disparities are resolved 

Additionally evaluated is the framework's reaction to class imbalance tactics. You'll see that focused loss consistently 

increases recall without significantly compromising precision when compared to conventional binary cross-entropy, 

class-weighted loss, and focused loss [33]. Because of this, it is especially good at spotting fraud when there are a lot of 

false positives and it is expensive to miss fraud cases. 

 

D. Good at preventing concept drift 

To determine how successfully models withstand shifts in fraud tendencies, they are tested on subsequent transaction 

windows after being trained on historical data. The suggested hybrid framework has a shorter decline in performance 

than the other models, suggesting that it is more resilient to concept drift. Overall, these experiments show that the 

suggested architecture is robust and effective, making it appropriate for identifying fraud in changing real-world 

situations [34]. 

 

VIII. DEPLOYMENT & SYSTEM INTEGRATION 

 

An AI-based fraud detection system must be carefully integrated with the current transaction processing infrastructure 

and satisfy strict requirements for dependability, security, scalability, and latency in order to be used in real-world 

financial contexts [35]. The suggested framework is designed to help detect fraud that happens almost instantly and 

integrates easily with contemporary payment and banking systems. 

 

A. A System Architecture Perspective 

A modular, service-oriented design serves as the foundation for the deployment architecture. Incoming transaction 

streams from payment gateways or central financial systems are processed via a secure data pipeline [36]. Transactional 

and behavioral features are extracted from a low-latency feature repository using a real-time feature engineering layer. 

These characteristics are then applied to every transaction by the created fraud detection algorithm in order to award a 

fraud risk score. Depending on preset thresholds, transactions are either automatically approved, marked for human 

review, or rejected. 

 

B. Real-time and batch processing 

The system allows for a balance between latency and accuracy by supporting both batch and real-time inference modes. 

To guarantee response speeds of less than a second, real-time scoring makes use of lightweight models. It is possible to 

run more intricate models and graph-based investigations in batch mode to go back in time and identify fraud 

tendencies. While improving operational efficiency, this hybrid processing approach preserves detection performance 

[37]. 

 

C. Informing someone 

By sending fraud alerts to an analyst dashboard, the system lets users see transactions that seem suspicious. In order to 

help analysts learn and get better at their jobs, the training pipeline records what they find and gives it back to them. 

Keeping someone informed increases rule compliance, lowers false positives, and promotes trust. 

 

D. Security, supervision, and retraining 

We keep a close eye on model performance, data drift, and system health. Automated retraining strategies take effect at 

predefined intervals or when performance starts to deteriorate. The system uses data encryption, access restriction, and 

audit logging to guarantee data security and privacy [38]. Data security and banking rules require all of them. 

 

 
Figure 6: Deployment & System Integration 

https://ijireeice.com/


ISSN (O) 2321-2004, ISSN (P) 2321-5526 
 

IJIREEICE 

International Journal of Innovative Research in Electrical, Electronics, Instrumentation and Control Engineering 

Impact Factor 8.414Peer-reviewed & Refereed journalVol. 13, Issue 11, November 2025 

DOI:  10.17148/IJIREEICE.2025.131148 

©IJIREEICE              This work is licensed under a Creative Commons Attribution 4.0 International License                  310 

IX. PRIVACY, SECURITY & ETHICS 

 

There are serious concerns about data privacy, system security, and ethical AI use when using AI-based fraud detection 

systems in financial settings [39]. In order for customers to trust AI, for laws to be obeyed, and for AI to be utilized 

responsibly, these problems must be resolved. 

 

A. Data Security and Adherence 

Strict laws like GDPR, PCI-DSS, and local data protection laws safeguard extremely private banking transaction data 

[40]. The suggested fraud detection architecture only processes the most important transaction data because it was 

created with privacy in mind. The danger of exposure is reduced when personally identifiable information (PII) is 

anonymized or tokenized before being used in a model. Role-based permissions are used to limit who has access to 

sensitive data, and we keep account of every data processing operation for auditing purposes. Additionally, regulations 

are in place to guarantee that transaction data is only kept for as long as the law permits. 

 

B. Maintaining the System and Model's Security 

The entire fraud detection process is protected thanks to robust security measures. Standard cryptography algorithms are 

used to encrypt data during delivery and storage. Unauthorized access to model endpoints is prevented via secure 

authentication procedures and APIs [41]. To guard against assaults and model exploitation, the system includes input 

validation, anomaly monitoring, and rate constraints. To prevent manipulation and guarantee that only certified models 

are used in production, model versioning and integrity checks are also used. 

 

C. Morality and fairness 

When AI-powered fraud detection systems inadvertently incorporate bias, they may unfairly treat specific individuals 

or transaction types. To monitor differences between groups based on behaviour or demographics, fairness-aware 

evaluation techniques are used, as long as the law allows. By doing this, the risk is decreased. Explainable AI 

techniques, such local explanations and feature attribution, help make sense of model results, especially for transactions 

that are rejected or highlighted. Because of this transparency, regular people are able to monitor events and hold others 

responsible. 

 

D. Human Responsibility and Authority 

To lessen the possibility of inefficient automated activities, fraud analysts look at high-risk human judgments [42]. It is 

made clear by clear governance mechanisms who is in charge of choosing models, making adjustments, and handling 

problems. These procedures guarantee that the suggested system satisfies the financial services industry's responsible AI 

standards and is both ethical and safe. 

 

X. LIMITATIONS & FUTURE WORK 

 

There are still a lot of problems that need to be fixed, but the suggested AI-based fraud detection system is useful and 

functional [43]. These problems allow for additional research and development. 

 

A.  Limitations of the data 

The lack of sufficient well-labelled fraud data is one of the main problems. Because fraudulent transactions are very 

uncommon and often incorrectly classified, supervised learning systems are less trustworthy. Although anomaly 

detection and synthetic data might be useful in this regard, synthetic patterns might not adequately capture the 

complexity of real-world fraud. Furthermore, anonymized public datasets limit the number of features, which hinders 

the model's ability to understand the semantic and contextual connections present in private financial data [44]. 

 

B. The complexity and readability of the model 

Compared to conventional rule-based systems, deep learning models are harder to understand and demand more 

processing power, especially hybrid designs that combine sequence models and anomaly detection. Although a number 

of explainable AI technologies are being created, it is still challenging to give each automated choice a clear, regulator-

friendly rationale [45]. This cap is particularly important in highly regulated financial settings. 

 

C. Fraud Concepts and Patterns' Evolution 

Rapidly evolving fraud tactics can eventually deteriorate performance, even though the framework is more resistant to 

concept drift. Regularly retraining the system can address this challenge, although doing so raises the system's 

complexity and operating expenses [46]. Real-time adaptation without complete retraining remains a challenge. 
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D. Scalability and deployment problems 

Large-scale real-time deployment may face infrastructure and latency challenges, especially when complex sequence 

models or graph-based extensions are used. Striking the right balance between strict response time requirements and 

detecting precision is an ongoing challenge. 

 

E. Research Paths for the Future 

We intend to use graph neural networks in the future to find fraud tendencies among customers, retailers, and devices. 

People can further adjust to new types of fraud with the use of online and ongoing education programs. Federated 

learning, which enables users to train models together without exchanging raw data, is a potential strategy for 

enhancing privacy [47]. In order to improve transparency and dependability, we will also look at more effective 

explainability and fairness auditing techniques. 

 

 
Figure 7: Limitations vs. Future Work Roadmap 

 

XI. CONCLUSION 

 

This study presented a thorough AI-based fraud detection system that uses deep learning algorithms to reliably and 

accurately detect fraudulent activity in financial transaction data. The suggested hybrid method effectively detects both 

known fraud patterns and new or evolving attack behaviors that have never been seen before by combining supervised 

sequence modelling with unsupervised anomaly detection. Traditional rule-based and classical machine learning 

systems struggle to alter and adapt to shifting financial circumstances, which is one of the biggest problems with these 

dual capacities. 

 

On several performance metrics, the suggested method performs noticeably better than baseline models, especially F1-

score and AUC-PR, which are crucial for fraud detection tasks with extreme imbalance. The sensitivity and ablation 

research show how important every architectural element is. They show how temporal modelling, decision-level fusion, 

and anomaly detection can all improve detection accuracy. These results demonstrate deep learning's ability to detect 

fraudulent activity, lower false positives, and forecast complex transactional behavior. 

 

The model's effectiveness and possible applications in practical contexts, such as real-time inference, system 

integration, privacy protection, and ethical adherence, are investigated in this work. Because it enables you to keep an 

eye on the model at all times, involve a person, and make decisions quickly, the recommended deployment architecture 

is suitable for production-scale financial systems. By integrating explainable AI techniques, robust security measures, 

and privacy-by-design principles, the framework complies with responsible and regulatory AI standards. Everyone 

consequently has greater self-confidence. 

 

Although there are some positive indications of progress, there are drawbacks as well, like concept drift and a dearth of 

labelled data to aid in comprehension. Graph neural networks, federated learning, continuous adaptability, and 

enhanced explainability are just a few of the intriguing research issues covered in the limitations and future work 

section. Finally, by offering a scalable, flexible, and morally sound method of fraud detection, our research improves 

the field of AI-driven financial security and lays the groundwork for next developments in intelligent fraud prevention 

systems. 
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