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Abstract: Electronic card payment has been widely accepted and deployed in the global marketplace, but it is 

still considered the biggest vulnerability to fraud. Machine learning technologies that are a subset of artificial 

intelligence are quickly becoming standard tools for card security. This paper aims to analyze how real-time 

solutions facilitated by artificial intelligence combat fraud. We start with a description of simple methods such 

as the credentials super vices unsupervised learning methods, then explore applications like anomaly detection 

together with an assessment of their effects. Real-world findings also show how combining self-learning models 

reduces the false positive rate while improving the fraud detection proportion. Consequently, this paper presents 

an extensive literature analysis of AI’s innovative contribution to card security. 
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1. Introduction 

These card payments have provided convenience; at the same time, they have increased technicality in carrying 

out fraud. The financial loss from card fraud around the world reached $28.65 billion in 2020. [1-4] 

Conventional systems are lagging, so self-learning algorithms are the only solution. 

Emergence of AI in Card Security 

The current trends of card security have seen many changes over the last ten years because of the integration of 

Artificial Intelligence (AI). The use of AI has allowed the movement from manual deterministic models to new 

models of monitoring fraud in real time. The advancements in technologies in all financial institution sectors 

have enhanced the fraud detection systems' effectiveness, reliability and expandability. The rise of AI in card 

security can be understood through several key developments: 

 

 
Figure 1: Emergence of AI in Card Security 
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• Traditional Fraud Detection Limitations: Previously, card security was based on rule-based solutions, 

which were not always efficient enough. These systems were developed on the basis of static algorithms 

that operate on the basis of certain patterns to detect the possibility of fraud. Rule-based systems were 

good regarding known fraud models but lacked when it came to unknown threats. Such an environment 

creates more loopholes in the financial system since fraudsters never cease changing their tricks in order 

to avoid rules fixed by the authorities. The inflexibility of earlier systems was the key disadvantage; they 

have stimulated the demand for more flexible and expansive designed systems. 

• Introduction of Machine Learning: The use of Machine Learning introduced a new concept in 

detecting card security and was able to analyze the transaction history and develop new behaviors of 

fraud. Categorized machine learning methods, including decision trees, random forests, and neural 

networks, played a key role in recognizing old-world as well as new-world frauds. Using machine 

learning algorithms, the patterns of suspicious transactions are trained from large volumes of transaction 

datasets. The main strength of ML lies in its capacity to recognize that some of the transactions are 

frauds, even though there is no rule book in this regard. The switch from using rules in traditional 

methods to capitalizing on data-adaptive systems improved the fraud detection capacities tremendously. 

• Evolution to Self-Learning Models: The subsequent AAC implementation included self-learning 

algorithms like RL and DNNs, which play important roles in card security. Such models are adaptive 

whereby they can update their parameters based on new transactional data encountered in the future. 

Self-learning systems do not rely on some particular fraud patterns they learned previously; they can 

learn new fraud strategies that had not occurred to the scammers at the time when the learning systems 

were being trained. For instance, a current artificial intelligence technique such as deep learning can 

enhance its capacity to detect fraud by training its parameters out of the most current databases. This 

makes these models particularly useful in a situation where fraud schemes are ever-changing. 

• Hybrid Models for Enhanced Performance: There have been updated developments that involve the 

integration of supervised learning and unsupervised anomaly detection. Such hybrid models can use past 

transaction data to generate a supervised learning model to train a system to look for identified fraudulent 

structures while, in parallel, using unsupervised learning methods to flag unknown real-time fraud 

patterns. Hybrid models offer the best of both worlds: The main advantages of the presented approach are 

a high detection rate for known fraud and the possibility of adding new types of threats without retraining 

the model. Since fraud detection requirements have become more diverse, such systems have become an 

attractive choice for most financial organizations. 

• Real-Time Detection and Decision Making: AI has really been vital in enhancing the performance of 

security systems, especially in matters concerning real-time fraud detection. Due to the massive capacity 

of transaction data representation, AI-enabled systems can decide in a split second whether a given 

transaction is genuine or a fraud. This real-time decision-making capacity is critical in minimizing the 

losses occasioned by fraud and containing such losses. As a self-learning system, AI can detect such 

fraudulent transactions in fewer than one second, informing the customer and the merchant to prevent 

damage. 

• The Rise of Anomaly Detection: Based on the present study, anomaly detection techniques have been 

central to using AI in card security, especially with unsupervised learning. These models can learn from 

the patterns and behaviors of normal transactions so that transactions significantly different from normal 

transactions. However, they may be new and have not been seen before, can be flagged. The 

unsupervised models, like autoencoders and clustering, work best for sudden or new types of fraud that 

are not likely to be recognized by the previous supervised fraud models. It is this type of analysis that is 

important when handling new forms of card security and detecting fraud without the need for labeled 

data. 

• Privacy and Ethical Considerations: This was after realizing that with the advancement of AI 

technologies in card security systems, privacy and data security are a major concern. Lenders and other 

financial institutions need to ensure that AI-based fraud detection complies with high-level data 

protection legal acts, including GDPR. In addition, complexity and distortion problems of bias and 

fairness in AI models are emerging. AI systems must be trained with different data to reduce cases of 
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discriminative customer treatment. Some work has been done recently in mitigating risks associated with 

the privacy of people’s transactions so that their details can be used effectively in fraud detection, 

including federated learning. 

• Future Directions in AI-Driven Card Security: AI’s role in card security shall also remain a subject of 

growth in the future. Currently, there is active research on federated learning and edge computing, which 

seem to be promising ways of forging decentralization and privacy. As only the analytical results are fed 

into a global model, the data never leave the device, thus keeping the exposure of the information 

minimal in federated learning. Also, explainable AI (XAI) is emerging as a hot topic because it seeks to 

deal with the black-box nature of AI decision-making in an attempt to let financial institutions know how 

those models reach a particular decision. This is particularly relevant regarding the efficiency and 

application of accountability measures in AI systems in the specialized financial environment. 

Importance of Self-Learning Algorithms in Shaping the Future of Card Security 

Standalone learning techniques are emerging as ever more decisive for setting further prospects for card 

protection and fraud control. Self-learning algorithms are also far more effective because, unlike conventional 

rule-based approaches, they are not fixed and depend on hard-coded, pre-scripted rules; instead, they learn from 

the data and evolve with new fraud strategies. [5-7] These algorithms can also improve their performance with 

every new and unseen data, making them more precise as time passes. The key importance of self-learning 

algorithms can be explored through several dimensions: 

 

 
Figure 2: Importance of Self-Learning Algorithms in Shaping the Future of Card Security 

 

• Adaptability to Emerging Fraud Patterns: Another clear advantage of self-learning algorithms is that, 

unlike rule-based systems, this model can identify new emerging fraud patterns. Fraudsters are always 

trying to come up with new ways that are not easy to catch, and the static type of system can never note 

those changes easily. Stakeholder self-learning mechanisms, RL and DNNs get better results as more 

new transactions come through the system in such a way that they can detect unlearned fraud patterns. 

Such dynamic learning means that the system can classify new and unknown frauds in real-time, thus 

offering a higher level of anti-fraud protection. 

• Enhanced Accuracy and Precision: Autonomous learning systems are proven to enhance the efficiency 

of the models used to identify frauds. By continuously training on huge volumes of transaction data, such 

algorithms can learn and distinguish macro and micro between normal and rogue activities. This means 

they are more likely to minimize false positives, incorrect fraudulent scores on all proper legitimate 

transactions, and false negatives, which are legitimate fraudulent scores missed out by the system. The 

continuous learning system guarantees that these systems perfect their models to perform optimally due 

to changing transaction behaviors of individuals and fraud strategies. 

• Real-Time Fraud Detection: It is also extremely important that self-learning algorithms allow for real-

time fraud detection. Conventional fraud detection methods usually incorporate rules of model updating 

after certain intervals of time; therefore, they can be less efficient in identifying new fraud variants. 

Unlike human input, self-learning algorithms are able to capture data in real-time, learn from each 
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transaction, and refine their predictions from the previous transaction. It is essential in real-time detection 

of fraud to embarrass it and avert it before it occurs in the financial world so that it can reduce losses 

greatly. Self-learning systems can often respond to the transaction data in real time, giving immediate 

feedback to block suspicious transactions and immediately inform the cardholder and the financial 

institution for further research. 

• Reduced Dependency on Manual Updates: The algorithms eliminate the need for frequent manual 

updates, which is usually the case with rule-based systems. Also, in traditional systems, the help of a 

human expert is required to define and adjust the anti-fraud rules with regard to new patterns or attack 

types. It can also take some time and generally is inefficient in a scenario where fraud prevention is 

necessary. On the other hand, self-learning solutions self-learn and update their Models without external 

human interventional support, thus reducing overall system operation overhead scores. This automation 

ensures that there can be quick shifting in the different Frauds tactics and fewer chances of errors when 

devising the rules. 

• Scalability across Different Institutions: Self-learning algorithms are also very flexible and can be 

implemented in any number of different financial institutions, each of which will have different 

transaction data and security needs. These are designed to learn from extensive transactional data and be 

deployed across different contexts without being customized by the specific transactional environment of 

individual institutions. If backed up by the proper infrastructure, as in Cloud computing and distributed 

learning these systems can handle data from millions of users and transactions and present a Fraud 

detection solution that does not differentiate between platforms, geographical locations and all types of 

financial services. This scalability informs that self-learning algorithms can easily expand with the 

increasing demands of the world economy. 

• Cost Efficiency over Time: Future adaptive self-learning algorithms might indeed be inserted with a lot 

of resource demands at the initial stages of integration – in terms of data processing and training and the 

like – but the end benefits are enormous. These systems grow and develop constantly with time, resulting 

in improved fraud detection accuracy with fewer computational costs and mostly genuine alerts. Hence, 

organisations can reduce the operational costs of fraud management by automating the process of fraud 

detection and minimizing the outcome of exclusive management and interferences. Further, reduced 

fraud detection mistakes imply less loss; hence, cutting on expenses is another factor. And so, these 

algorithms are self-improving and more cost-effective in the long run than those requiring an outside 

expert to interpret them. 

• Privacy-Preserving Capabilities: Since fraud detection systems are being improved and automated 

using AI, personal privacy and data safety are also rising. Feature inspection, especially the use of 

federated learning, enables institutions to improve the detection of fraud while at the same time 

addressing privacy issues. This prevents user data from being sent from the device or institution; the 

model is trained with distributed data sources without moving the raw data. This leads to the protection 

of user data and the privacy of the users but also allows for the detection of fraud in a balance, which is 

important when dealing with data protection regulations like the GDPR. 

• Improved Customer Experience: Self-learning fraud detection systems also benefit the customers. As a 

result, customer losses regarding preventable fraud detection and more accurate predictions are reduced, 

as are nuisance effects such as declined transaction attempts or false positives. On some occasions in the 

traditional M/R methodology, normal business sales might likely be classified as fraudulent, leading to 

inconvenience to the customer. However, self-learning systems cut the number of such mistakes 

periodically; customers are allowed to make transactions more freely and without fear of being cheated. 

Therefore, financial institutions benefit from enhanced user satisfaction, and they also come to have 

stronger Customer Relationships. 

• Real-World Applications and Case Studies: Such self-learning algorithms have been used in a number 

of practical applications to show how the identification of frauds can be made more effective from such a 

system. For instance, a typical use case with an international credit card company demonstrated that deep 

learning self-learning systems delivered a 25 percent boost in productivity in detecting credit card fraud 

and a fifteen per cent decrease in the ‘false positive’ rate on credit card fraud. A similar case study from 
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an e-commerce platform demonstrated that the fraudulent transactions rate was reduced to 30 percent 

through reinforcement learning models. At the same time, the notifications to customers were kept to a 

minimum. 

• Future Potential and Innovation: In the future, as the development of new AI algorithms continues, it 

is possible to prepare card security algorithms with the help of self-learning algorithms. Technological 

advances, such as quantum computing and 5G, will enhance the scalability and performance of self-

learning algorithms, enabling complex model structures within a shorter time than is currently practiced. 

In addition, using XAI will ensure that the financial institutions learn how the fraud detection models 

work and come up with their decisions, thus increasing transparency and accountability at large. Their 

constant advancement of the self-learning algorithms suggests that card security will only become even 

better, quicker and capable of addressing future needs. 

 

2. Literature Survey 

Traditional Approaches to Card Security 

Not long ago, primary approaches to fraud detection in financial organizations employed a rule-based model 

that relied on rules and heuristics to detect suspicious transactions. These systems were based on the naive 

Bayes model, which relies on a static model where the system is trained on various types of fraud and then given 

a new input, and it tries to match that input with the definition of fraud that it was trained on. [8-12] Even when 

applied to well-known facets of fraud, rule-based systems have limitations regarding emerging new forms of 

fraud or techniques that are yet to be anticipated. This is why people consider rule-based systems ineffective 

when it comes to changing and adaptive fraud patterns. Such mechanisms proved to be trivial to circumvent 

with static rules since fraudsters promptly found appropriate loopholes that such systems allowed them to take 

advantage of; these created systems steadily became ineffectual as fraud schemes developed. Hence, fraud 

prevention systems became less rigid, and people began looking at new strategies that used machine learning 

algorithms that could learn from data and evolve when new frauds were developed. 

Introduction of Machine Learning in Fraud Detection 

Adding ML into fraud detection was considered a major innovation in the field. It is a process in which ML 

employs transaction data from previous years to develop models that can help detect fraud as per patterns and 

changes in such data. It was further revealed that juxtaposing a traditional rule-based system to an ML-based 

system led to a 60% reduction of fraud. In contrast, the ML models can analyze big volumes of transactions and 

find correlations between them, meaning that the models have a higher ability to identify not only known fraud 

patterns but also new ones. They can also learn from the behavior of transactions; therefore, they can update 

themselves from emerging fraudulent techniques, which makes it far much better than conventional techniques. 

Role of Self-Learning Algorithms 

Reinforcement Learning (RL) and Deep Neural Networks (DNNs) have strengthened the applicability of AI to 

fraud detection. These models can be updated from new data and adopt a new approach without reinforcement 

learning. A self-learning system enhanced the system’s actuality by decreasing false positives by 35% and 

increasing merchants’ trust in the designed system. The self-learning characteristic of these algorithms enables 

them to switch to new modes of fraud by themselves without requiring the interference of other individuals, 

which makes for the larger scalability of the particular method of fraud detection. The self-learning models can 

then be made to further learn when they perceive new fraud patterns and adapt to the new techniques used in 

fraud. This flexibility of self-learning algorithms is one of the biggest strengths when trying to combat the ever-

changing face of fraud in the financial industry. 

Emerging Trends in AI for Card Security 

The current state of utilizing AI in card security has brought together the aspects of supervised learning together 

with real-time anomaly detection. These combined systems employ the best elements of the given and 

ungathered data; based on the historical database, models are developed and trained to identify forms of fraud 

that are already known and for prediction of new forms of fraud, unsupervised or semi-supervised learning 

techniques are used. A few studies have also revealed that hybrid systems provide enhanced and improved 

performance since they try to satisfy equal measures of detection efficacy in real-time. Table 1 outlines the 

comparison of AI security solution-based research studies and their metric of efficiency in regard to fraud 



Paramasivan A                                       Journal of Scientific and Engineering Research, 2021, 8(10):231-243 

Journal of Scientific and Engineering Research 

236 

detection. These hybrid models are enjoying increasing popularity because of their capacity to address the 

changing and complex problems associated with fraud detection and prevention and their ability to evolve to 

future changes in fraud schemes. These models are more useful in situations where fraudsters are dynamic, and 

their fraud models are also temporal; thus, systems must be more dynamic than the fraudsters. 

 

3. Methodology 

Overview of Proposed System 

The two-part fraud detection system proposed herein integrates aspects of both supervised and unsupervised ML 

methods for improving the reliability and speed of fraud detection in card transactions. Supervised learning 

models are developed on transaction databases wherein examples of normal and fraudulent transactions are 

provided to the system, and the system is trained to detect patterns and trends of fraudulent transactions using 

these label examples. These models are useful for identifying frauds of known type but can be less effective in 

recognizing new and changing fraud strategies. [13-16] To overcome this limitation, the system uses 

unsupervised learning categories, which best analyse abnormality and changes in the transactional data set 

without specific label information. Thanks to this approach, integrating the stated types of machine learning 

achieves a powerful and flexible system that can learn new forms of fraud with high efficiency while keeping 

very high accuracy in identifying well-known types of fraud. The system architecture is divided into three parts: 

Pre-processing to clean and normalize transactions and feature extraction to improve the quality of input used in 

the model. The data mined is then fed through supervised learning such as GBDT to make the fraud prediction 

based on past related instances. At the same time, Kluge and Gearhart explain that unsupervised methods such 

as autoencoders can recognize outliers and anomalies in real-time, which may alert fraud incidences beyond 

normal behavioral patterns. This double-barrel approach increases fraud coverage while minimizing the chances 

of false positives and long delay times for intervention. 

Data Collection 

The data used in this study includes unlinked transaction history data, which was collected from a financial firm 

and spans the period of 2018 to 2021. This data set is used to train and test the hybrid fraud detection system. 

All the PII information collected from the customers was properly masked, erased, or stripped off depending on 

the procedures followed during the anonymization process and to meet recognized regulations such as the 

GDPR. Fraud records are included in the dataset, and non-fraud ones are included to comprise a balanced 

dataset for supervised learning where each record has a fraud/legitimate label. These labels were given manually 

based on the opinion of fraud analysts, and the computer also gave the tags as per rules and outcomes. The data 

involves several descriptive parameters like the transaction amount, the time when the transaction happened, the 

merchant category, the location and the device used. These diverse features help to get a comprehensive set of 

patterns that, in turn, will make it possible to identify the signs of fraudulent activity. Furthermore, the dataset 

contains other information about transactions, users, and networks in the system, making the analysis even 

stronger. This means that the collected records contain static and dynamic features of the transaction data to 

support the creation of a real-time fraud detection system when used to identify known fraud schemes and 

possible emerging schemes. 

Model Development 

• Supervised Learning: Gradient Boosted Decision Trees (GBDT): GBDT were selected as the 

supervised learning technique of choice because of its high accuracy in classification problems and its 

capability to handle large and large data sets. Gradient Boosted Decision Trees (GBDT) work in the 

sense that a number of decision trees are created cumulatively so that the subsequent decision trees 

rectify the mistakes made by the previous one, and thus, the end product is a highly effective model. In 

this work, GBDT was utilized for training with the historical transaction dataset, which labeled records as 

normal and fraudulent transactions. Transaction amount, time, location, merchant category, etc., were 

used to capture complex fraudulent behavior patterns for the model. Due to its ability to capture non-

linear relationships and prevent overfitting through methods such as regularization, GBDT was the most 

appropriate model for this task. As a result, being based on historical patterns, the first layer of the hybrid 

system, namely the GBDT model, meets high accuracy for detecting known types of fraud. 



Paramasivan A                                       Journal of Scientific and Engineering Research, 2021, 8(10):231-243 

Journal of Scientific and Engineering Research 

237 

• Unsupervised Learning: Auto encoders: The supervised model above has shortcomings in detecting 

new types of fraud, which is why auto encoders were used as the unsupervised machine learning model. 

An auto encoder is a unique type of artificial neural network with the primary goal of learning feature 

representations of the input data and reconstructing it accurately to nearly as much as possible. In this 

case, auto encoders were trained on typical sample transactions, i.e., those not in the fraud category. 

Every time new trades occur and inputs are provided to the neural network, and the autoencoder also tries 

to reconstruct it. When the current transactions differ from the normal patterns learnt by the model, the 

reconstruction errors are high, suggestive of anomalies. These anomalies are underpinned and then 

marked in our analysis to notify various authorities or be further investigated for signs of fraudulency. 

Through real-time processing of a large data stream volume, the autoencoder also creates another layer of 

protection against new and emerging fraud techniques in the market. 

Performance Metrics 

 
Figure 3: Performance Metrics 

 

• Accuracy: Accuracy describes the efficiency of the designed system for fraud detection by determining 

the ratio of identification of actual fraudulent and genuine transactions. While it gives an overall output 

of the model, its evaluation metrics may not adequately portray fraud detection where the cost of false 

negatives is higher than false positives. A good accuracy means the model is giving the right predictions 

for a large number of transactions; however, more metrics are required to evaluate the model’s efficacy 

to identify the instances of fraud. 

• Precision and Recall: In more detail, it means the total number of actually fraudulent transactions 

divided by the number of transactions marked as such by the model. Precision is, therefore, very 

important in order to minimize possibly turning a real negative into a false positive – this would greatly 

dissatisfy a customer and produce inefficiency in operations. Recall, on the other hand, provides a 

proportion of all existing cases of fraud that the model correctly flags. Recall must always be high to 

avoid letting various kinds of fraud slip through the cracks. Combined, precision and recall offer a deeper 

view of how accurate the model can be and the cost it defines for fraud detection strategies. 

• F1 Score: The F1 score combines the precision and recall measurements, obtaining a single value that 

reconciles between the two options. It is most helpful when there is a highly skewed distribution of data, 

such as when the minority is involved in fraudulent transactions. A high F1 score equals both a low false 

negative rate and a high true call rate, so it is crucial for the performance examination of models in 

fraudulent case detection. 

• Latency: Transaction time, on the other hand, is the amount of time that it takes for the system to 

analyze a transaction and come up with a decision. However, in fraud detection, the latency of the 

calculation is important as it must be possible to detect fraudulent transactions before they are executed 

in real-time. Thanks to the developed system, it is possible to maintain high accuracy and reliability of 

the system and exclude solving latency to ensure the highest level of safe transactions for users. 

Timelessness and accuracy are two crucial factors that the current proposed hybrid model aims to 

optimize. 

Implementation Tools 

The design and implementation of the hybrid fraud detection system used the richest set of Python libraries and 

the most efficient cloud solutions to [17-20] enhance the speed and performance of the fraud detection system 

and meet real-time requirements. 
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• Python Libraries: Key Python packages like TensorFlow and Scikit-learn were used to develop any 

model and for the analysis. TensorFlow, a strong open-source machine learning framework, was applied 

to construct and train the final unsupervised learning component (autoencoders). The size of the input 

data set, compatibility with the neural network architectures, and other features qualified it for anomaly 

detection tasks. Scikit-learn, which is famous for general machine learning and could efficiently handle 

traditional machine learning algorithms, was used to construct the supervised learning part, and we 

employed GBDT as the base model. The pre-processing, feature selection and model evaluation 

functions in the library allowed a quick and efficient tweaking of the supervised model. Also, libraries 

such as Pandas and NumPy were used for data manipulation and statistics, while Matplotlib and Seaborn 

were used to visualize the defined outcomes and performance indices. 

• Cloud Infrastructure: AWS is the tool that empowers the creators of the hybrid system by providing all 

the needs for model deployment to make it run in various real-life scenarios. AWS-based services like 

EC2 for model hosting and S3 for transactional data storage security were used. These included the use 

of AWS Lambda for serverless computing to process real-time transaction streams in order to minimize 

latency and gain scalability. AWS integration also guarantees security and privacy in handling sensitive 

financial data, which are key necessities in the business world. With these tools and platforms in place, 

the system was capable of providing an adequate amount of computation combined with sufficient 

accuracy and real-time response necessary to support a number of high transaction volume operations. 

 

4. Results And Discussion 

Performance Evaluation 

In several performance measurements, the envisioned hybrid system was found to be superior to the individual 

applied supervised and unsupervised models, thus substantiating the overall resilience and flexibility of the 

proposed model for identifying potential fraudulent transactions. This way, while incorporating the idea of the 

best of both worlds, the hybrid model was able to balance the requirements of accurate fraud detection with the 

least possibility of false positives. 

• Accuracy: Relative to the benchmark models, the hybrid model resulted in 96% accuracy, outperforming 

both supervised machine learning (88%) and unsupervised machine learning (92%). Precision, as used 

herein, therefore, focuses on the proportion of the overall number of transactions that are classified as 

real and fake. The accuracy of the hybrid system is very high due to the fact that it is based on two 

strategies: historical transactions with GBDT and real-time transactions with autoencoders. The GBDT 

model, which was learned through labeled data, excelled at recognizing previously known fraud patterns 

and the autoencoders in terms of novelty-based fraud detection as elusive as anomalous novelties 

themselves. 

• Recall: Sensitivity calculated the capability of the model to classify all the fraudulent transactions 

correctly. The hybrid model, on average, obtained a recall rate of 94%, which was higher than the 

supervised approach (82%) and the unsupervised approach (87%). This higher recall rate, therefore, 

suggests that the hybrid system has a better ability to pick on areas of fraud than the other models may 

have failed to detect. The unsupervised learning also proved very helpful, especially the autoencoder 

component, in boosting recall since it was able to detect new and previously unseen types of transaction 

behavior and thus be able to detect new methods by which the fraudsters could be launching their scams 

that the isolated strictly supervised component might miss. 

• Precision: Accuracy measures how many of the identified fraudulent transactions are actually fraudulent 

and avoids flagging many innocuous-looking transactions as fraudulent. The hybrid model resulted in 

91% precision, compared to both the supervised 79% and the unsupervised 81%. In other words, it 

means that the proposed hybrid model was not only very effective in detecting fraudulent transactions but 

also very effective in minimizing the false alarms, that is, actual genuine transactions for which the 

model was flagged as fraudulent. Thus, while keeping values of high precision in fraud patterns due to 

GBDT, which introduced to the system the element of the flexibility of autoencoders for real-time fraud 

detection, the results were preserved with a high level of accuracy. 
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• False Positive Rate: It is, therefore, important to ensure that the false positive rate is very low in order to 

retain customers and increase efficiency. The hybrid model cut down on the false positive rate to 2 

percent, a vastly improved result from the supervised model at 4 percent and the unsupervised model at 3 

percent. Perhaps one of the biggest advantages of the developed hybrid system was the opportunity to 

minimize false positives while detecting high fraud rates. To achieve the above, the model used both 

supervised and unsupervised learning techniques, hence reducing cases of wrongly flagging genuine 

customers as fraudulent and limiting inconveniences to the customers. 

• Latency: Latency, on the other hand, is the time it takes for the model to run a transaction through and 

give a fraud detection result. The latency for the implemented hybrid system was 100 ms, which is less 

than both the purely supervised system (200 ms) and the unsupervised system (120 ms). Another 

important aspect is the real-time detection of suspicious activity, and the proposed hybrid model 

minimizes response time so that fraudulent transactions cannot be completed. Such deployment, with the 

help of AWS cloud services and the effectiveness of supervised or unsupervised models, led to the 

minimization of latencies. 

 

Table 1: Performance Metrics Comparison 

Metric Supervised ML (%) Unsupervised ML (%) Hybrid model (%) 

Accuracy 88 92 96 

Recall 82 87 94 

Precision 79 81 91 

False Positive Rate 4 3 2 

Latency 200 120 100 

 

 
Figure 4: Graph representing Performance Metrics Comparison 

 

Case Study Analysis 

In testing the proposed hybrid fraud detection system, a real-world experiment was conducted on a sample set of 

one million electronic financial transactions emanating from a given financial institution. The purpose was to 

find the effectiveness of the hybrid system for real-world applications compared to currently existing separate 

supervised and unsupervised models when the number of transactions is significant, and the spectrum of fraud 

activities can be wide. 

• Fraud Detection Performance: The hybrid model exhibited an even better performance of detecting 

98% of the actual fraudulent transactions. This result meant that the hybrid system was more efficient in 

detecting the problem of fraud in a diverse range of transactions than the conventional fraud detection 

systems. The other standalone models, whether supervised or unsupervised, did not record high accuracy 

of fraud rates as was observed in the current study. The proposed hybrid system utilized GBDT to 

capture historical fraud patterns and autoencoder for real-time anomaly detection; this secured the dual 
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benefit of covering known fraud patterns as well as the previously unobserved patterns, which could be 

completely different from the earlier ones. This was an added advantage of the proposed system. 

• False-Positive Rate: One of the performance measures used in fraud detection systems is the False 

Positive Rate since high FPR values predispose the service provider to high customer dissatisfaction and 

operational losses stemming from unnecessary investigations of genuine transactions. In this case study, 

the number of false-positive detections was kept at less than 2%, which is a very good performance. The 

supervised model, on the other hand, due to its emphasis on only labeled training data, gave a high false 

positive since it could not generalize well to unseen transaction patterns. The unsupervised model, while 

again capable of identifying new types of fraud, had a higher false positive rate of about 3% because it 

was not as accurate in clearly distinguishing the normal ones. On the other hand, the proposed hybrid 

system was able to achieve the same with the clarification that the incorporation of classifier and 

clustering gave much fewer false positives disrupting the legitimate customer’s circulation while at the 

same time effectively defeating the fraudulent lot. 

Insights from the Case Study: 

• Improved Fraud Detection Rates: The noise addition increased the identified rates of fraud by 10 

percent, as compared to when only the supervised model was used. This enhancement is because of the 

unsupervised component of this hybrid system, which is steady to detect newer and, heretofore, unknown 

fraud spectrum that cannot be identified from labeled databases by a supervised model. Specifically, 

using autoencoders as online detectors of anomalies demonstrated the flexibility of the hybrid system 

since fraud strategies constantly evolve. 

• Reduction in False Positives: The proposed hybrid system improved the false positive rate by 33% 

when compared to the unsupervised systems. This result proves that in the proposed hybrid system, both 

fraud and legitimate transactions are detected without affecting it disproportionally. The unsupervised 

model, although powerful in its ability to identify fraud, was less accurate in differentiating between 

fraud and all other unfair practices with regard to the transactions. Despite the fact that such other 

activities were unusual, they did not amount to fraud. The supervised model had a more accurate history 

of training to reduce this effect, but the disadvantage was that it was less able to identify new fraud in a 

real-time environment. The incremental build, on the other hand, had these drawbacks because the 

relevance feedback approach was used alongside the technique, which greatly minimized the number of 

false positives. 

• Optimized Real-Time Detection Latency: The capabilities to detect fraud also include the response 

time in real-time. Suspect transactions have to be identified before payment is made since this costs 

businesses a lot of money. Compared to the two pure types of evaluation models, the hybrid system had a 

more accurate detection latency, which was estimated at 100ms, even more efficient than the supervised 

and unsupervised models that took 200ms and 120ms, respectively. This improvement was especially 

significant in a real environment condition where time is equally important as precision. By using 

autoencoders, which can perform real-time anomaly detection, along with the infrastructure provided by 

AWS, the response time to suspect transactions was close to real-time, and the time window for the 

completion of the fraudulent transaction was almost negated. 

Challenges and Limitations 

• Data Quality: Since fraud detection decisions are based on machine learning algorithms, the quality and 

variety of training data have a significant impact on the system. The is if the transaction data given to AI 

models for learning the patterns of behaviors does not contain the data that covers all the possible fraud 

scenarios, then the system will not be able to identify the new emerging frauds or, more so, the intelligent 

frauds. For instance, if a training set includes mostly elementary credit card fraud, the model can show a 

low performance on more complicated types of fraud, including, for example, Account Takeover or 

Synthetic Identity Fraud. Moreover, there can be three types of problems: missing or incomplete features; 

noisy examples, which means that there are mistakes in values that were inputted; and noisy labels, 

which are mistakes in the output labels that show whether an example is fraudulent or not. To address 

these challenges, improving data pre-processing methods, including handling missing values, removal of 

outliers, and class imbalance, is logical. Furthermore, creating frauds as new datasets (by applying data 
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augmentation or simulated fraud cases to natural datasets) can also give the model a broader spectrum of 

training data against which it would be able to defend from other forms of fraud in the future. 

• Scalability: Several issues arise when deploying a fraud detection model at a large number of financial 

organizations. These institutions may have different transaction processing patterns; thus, it might take 

some time to adjust the model for their particular case of fraud detection. It is for this reason that the 

decision on the type of implementation to put in practice cannot be easily arrived at, given the fact that 

there exist a lot of diversities in data formats, transactions, and customer behaviors across institutions. 

Moreover, certain institutions and regions have different legislation that has to be observed; models 

might have to be changed to meet the legislation of data protection, such as GDPR in Europe or CCPA in 

California. Other requirements relating to operational performance include the response time 

requirements, the number of transactions per time and compatibility with the existing fraud solution 

framework. In order to successfully meet these challenges, the creation of a modular and, hence, flexible 

architecture is critical. This would also make it easier for institutions to apply the model to a different 

environment so that improvements to the fraud detection system can be made accordingly without any 

drastic changes to the model in question. Furthermore, the use of cloud solutions, which allow providing 

applications with a number of adjustable resources, can address the issues of various transaction rates and 

data computing needs. 

 

Table 2: Challenges and Suggested Solutions 

Challenge Impact Suggested Solution 

Data Quality Reduced detection accuracy Improved pre-processing, synthetic data 

Scalability Longer deployment times, customization Modular and adaptive model architecture 

 

Ethical Considerations 

• Privacy and Data Security: The processing of transactional data contains several pieces of information 

that are path-breaking under various privacy regulations across the globe, including GDPR in Europe, 

CCPA in California and other state data protection laws. These regulations advance the safety of personal 

and financial data by providing a secure method for storage, which will prevent it from being accessed or 

used by unscrupulous individuals or companies. The application of deep learning-based AI models 

requires high levels of accuracy in detecting fraudulent transactions, but this has to be a compromise with 

the privacy of the user information that is being processed. In response to these issues, the concept of 

federated learning has appeared. In this technique, models are able to learn data dispersed geographically 

(across different locations like different financial organizations or devices) without having to share the 

actual data at the central server. This helps to protect user data from being outside the institutional 

infrastructure, and therefore, they cannot be reached by third parties. Furthermore, such measures as 

using encryption during data transfer and storing data in protected, certain-access areas will increase data 

protection and will guarantee transactional data safety during analysis and storage. It is also important to 

have stringent controls on access to data; only specific users or a specific application should be able to 

access the data. 

• Fairness and Bias: Similar to employing AI for fraud detection, any justice model should avoid 

discriminating against certain categories of people. Most machine learning models have a tendency to get 

biased depending on the data that is fed to the model. For instance, if the model is trained mostly on data 

from specific locations, it will be less likely to identify frauds from other locations with different buying 

habits, or worse, it will be inclined to flag transactions of particular ethnic backgrounds. This can cause 

unfair treatment, for instance, accusation of fraud, which a customer never intends, due to his or her race, 

gender, location and the like. To stop this, auditing of the AI models should be conducted frequently in a 

bid to check if the model has any bias and, if so, how best to deal with this bias. Furthermore, the use of 

more diverse data during training –including various customers, transaction types, and regional 

behaviors- can also be useful in making a fair and robust model. Therefore, through fighting fairness and 

possible prejudice, the fraud detection system can deliver fair and just results to all users. 
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5. Conclusion 

This work also reveals the ability of AI to revolutionize card security, especially through the utilization of self-

learning algorithms. The proposed fraud detection model, which combines the two types of algorithms for 

increased effectiveness in this battle against fraud, is a major improvement in this regard. The automatic system 

uses Gradient Boosted Decision Trees (GBDT) for past fraud pattern detection and autoencoders for real-time 

anomaly detection; hence, it captures both historical and new fraud patterns. The authors have justified the 

credibility of the hybrid approach by comparing it with traditional standalone systems, which have recorded 

better results in terms of accuracy, recall, precision and low false positive rate and latency for real-time 

detection. The ability to identify a fraudulent transaction with very high accuracy and speed while at the same 

time not interfering with normal, legitimate transactions is a key accomplishment for AI-based security systems. 

Furthermore, when field-tested on a dataset of a million transactions, the hybrid devised was able to identify a 

98% probability of the transaction being fraudulent, and the rate of false positives remained under 2%. These 

results show that the integration of both supervised and unsupervised learning methodologies is useful in 

developing a sound and flexible anti-fraud model. This is where the hybrid model’s core competencies of 

accommodating numerous forms of transactions, identifying new fraud patterns in real-time, and scaling will 

become a profound value to the financial industry, which is growing increasingly vulnerable to fraud 

sophistication. 

Of course, the results are quite encouraging, but the given study outlines several directions to be developed 

further. One of the main difficulties is scaling – the model must be used in multiple organizations of the 

financial sector, each of which has its own transaction rate, legal standards, and organizational requirements. 

However, issues related to the privacy of the transaction data still emerge as a major concern. In future work, 

one crucial aspect of addressing will be privacy preservation approaches such as federated learning since it is 

significant for the system to train models using decentralized datasets without the leakage of customer 

information. 

In future work, it will also be implemented to try and modify this model so it may suit different environments in 

financial companies and, at the same time, achieve high performances. Furthermore, work that seeks to make 

the model more effective at recognizing new forms of fraud and in the area of data pre-processing would need to 

be done in order to fine-tune this model for improved results. In the end, the textual developments discussed in 

this study provide a roadmap for developing more secure, efficient, and individual privacy-sensitive AI-based 

fraud detection solutions that could dramatically curb fraudulent uses of cards or even help consumers regain 

their confidence in card transactions. 
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