
Academic Pinnacle  https://academicpinnacle.com  

Advances in Computer Sciences 
Vol. 7 (2024) 

https://academicpinnacle.com/index.php/acs 

1 

 

Adaptive Fraud Detection Systems: Real-Time Learning 

from Credit Card Transaction Data 

Ahmad Amjad Mir 

University of Wisconsin – Madison, USA 

Corresponding Author: Ahmadamjadmir@gmail.com 

 

Abstract: 

The swift growth of digital payment platforms has heightened the demand for 

effective fraud detection strategies, particularly within credit card transactions. 

Conventional static rule-based models are becoming less effective in countering 

the constantly evolving nature of fraudulent activities. Adaptive fraud detection 

systems that utilize machine learning (ML) and real-time learning methods are 

gaining traction as a more potent solution. This paper examines the 

architecture, design, and effectiveness of adaptive fraud detection systems, 

with a focus on real-time learning from credit card transaction data. We review 

existing methodologies, discuss the challenges they encounter, and propose 

innovative techniques to improve the adaptability of fraud detection systems in 

changing environments. 
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1. Introduction:  

The growing prevalence of digital payment systems has led to a significant rise 

in credit card usage across the globe. But the increase in digital transactions 

has also given fraudsters more opportunities to take advantage of holes in 

these systems [1]. Credit card fraud has become a substantial concern for 

financial institutions, merchants, and consumers, with global losses expected 

to exceed $32 billion by 2025. The increasing sophistication of fraudulent 

schemes demands that traditional fraud detection methods, often rule-based 

and static, be replaced by more dynamic and adaptive approaches[2]. 

Historically, fraud detection systems have relied on predefined rules that flag 

suspicious transactions based on fixed thresholds, such as unusually high 
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spending amounts or transactions originating from high-risk geographical 

regions. These solutions, while useful in some circumstances, are constrained 

by their incapacity to change with the always evolving fraud scenario. 

Fraudsters continuously develop new strategies to evade detection, rendering 

static rule-based systems ineffective over time[3]. This has prompted a shift 

toward more flexible and intelligent Systems for detecting fraud that are able to 

instantly recognize and adapt to new patterns. 

Adaptive fraud detection systems powered by machine learning (ML) present a 

more effective alternative to static rule-based models. These systems examine 

credit card transaction data on a regular basis, looking for trends and 

irregularities that might point to fraud. Using methods like anomaly detection, 

reinforcement learning, and real-time learning, adaptive fraud detection 

systems are able to react quickly to emerging fraud trends. This enables 

financial institutions to detect and mitigate fraud more accurately and quickly, 

minimizing financial losses and reducing the impact on legitimate 

customers[4]. 

However, the development of adaptive fraud detection systems presents its own 

set of challenges. The nature of credit card transaction data, which is typically 

large in volume and highly imbalanced (fraudulent transactions often represent 

a tiny fraction of the overall data), poses difficulties in model training and 

evaluation. Moreover, these systems must contend with concept drift, where 

the statistical properties of fraudulent transactions change over time. Although 

there are still obstacles to overcome, adaptive fraud detection systems are an 

important development in the fight against credit card theft because they 

provide a more reliable, scalable, and rapid response to the increasing danger 

posed by fraudsters. 

2. Conventional Techniques for Fraud Detection:  

Conventional techniques for detecting fraud have mostly depended on static 

rule-based systems that identify possibly fraudulent transactions by using 

expert knowledge and predetermined thresholds. These systems establish 

certain guidelines, like alerting transactions that go above a predetermined 

threshold, take place in high-risk areas, or diverge from a customer's typical 

spending habits.[5]. For example, a system might block a transaction if a 

customer who typically spends modestly suddenly attempts a large purchase in 

a foreign country. While this approach is straightforward to implement, it 

suffers from several inherent limitations, particularly its inability to adapt to 

new, evolving forms of fraud. 
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The lack of flexibility in rule-based systems is one of its primary disadvantages. 

The sophistication of fraudulent tactics leads to fraudsters' quick learning how 

to discover ways around restrictions, either by changing their plans or by 

locating loopholes. As such, these algorithms are not useful for detecting new 

fraud trends due to their static nature[6]. Rule-based systems can also produce 

a lot of false positives, which flag valid transactions as fraudulent, due to their 

heavy reliance on past data and human intuition. This can cause customer 

annoyance and increase the expenses associated with manual inspection for 

financial institutions. 

Another significant challenge associated with traditional methods is their 

inability to handle the sheer volume and velocity of modern credit card 

transactions. As online commerce grows, transaction data becomes more 

diverse and complex, and fraud detection systems must operate in real-time to 

minimize potential damage[7]. Rule-based methods are often simplistic and not 

designed for high-speed analysis, and they struggle to keep up with these 

demands. Additionally, they tend to degrade as fraudulent behavior evolves, 

requiring frequent updates or manual intervention to remain effective. 

Despite these limitations, rule-based systems have remained a cornerstone of 

fraud detection for decades due to their simplicity and interpretability. 

Financial institutions have long favored these systems because they offer a 

transparent and easily auditable approach to identifying fraudulent activity. 

But conventional rule-based approaches are not working well enough as credit 

card transactions grow in number and complexity and fraud schemes become 

more sophisticated. This has prompted the creation of increasingly complex 

machine learning-based fraud detection systems with improved real-time 

detection capabilities and the ability to adjust to shifting transaction behaviors. 

3. Proposed Adaptive Fraud Detection Systems:  

Adaptive fraud detection systems represent a significant leap forward from 

traditional static methods by utilizing machine learning algorithms to 

continuously learn and evolve from incoming data. Unlike rule-based systems 

that rely on static, predefined thresholds, adaptive systems are designed to 

adjust dynamically to fresh trends and patterns in the transaction data. This 

adaptability is crucial in combating fraud in the quickly changing digital 

landscape of today, where fraudsters constantly refine their techniques[8]. The 

key advantage of adaptive systems lies in their ability to identify and respond to 

emerging fraud strategies in real time, ensuring that fraudulent activities are 

detected promptly while minimizing disruptions to legitimate transactions. 
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These systems typically employ online learning algorithms, enabling 

continuous model updates as new transactions occur. Algorithms such as 

stochastic gradient descent (SGD) and reinforcement learning play a pivotal 

role in updating model parameters incrementally, allowing the system to adapt 

to new patterns without needing full retraining on historical data[9]. This real-

time learning capability ensures that adaptive systems remain effective even as 

transaction behaviors shift over time, preventing fraudsters from exploiting 

newly emerging vulnerabilities[10]. Additionally, by analyzing transaction data 

streams, adaptive systems can detect anomalies that may indicate fraudulent 

activities, even if these anomalies have never been seen before. This section will 

present two data-driven methods for detecting credit card fraud that make use 

of a 𝑇2 control chart and a one-class support vector machine (OCSVM) with the 

best kernel parameter selection. Figure 1 summarizes the real-time data-driven 

strategies that have been proposed. 

 

Fig.1: Data-driven strategies that have been suggested for detecting credit card fraud. 
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The capacity of adaptive fraud detection systems to manage concept drift is 

another essential feature. Concept drift is the statistical term for when fraud 

trends vary over time, usually as a result of new fraud techniques, market 

conditions, or changes in consumer behavior. To address this, adaptive 

systems incorporate drift detection mechanisms that monitor model 

performance continuously and trigger updates when significant changes are 

detected in transaction patterns[11]. By detecting concept drift early, these 

systems can quickly adjust their detection algorithms to maintain high levels of 

accuracy, ensuring that new fraud patterns do not go unnoticed for extended 

periods. 

Furthermore, adaptive fraud detection systems often combine supervised and 

unsupervised learning techniques to enhance their detection capabilities. 

Supervised learning, which uses labelled data to train models, is highly 

effective when a sufficient amount of fraud data is available. However, because 

fraud cases are rare compared to legitimate transactions, unsupervised 

methods, such as anomaly detection and clustering, play a critical role in 

identifying outliers in unlabeled data[12]. By leveraging both approaches, 

adaptive systems can balance identifying known fraud patterns and detecting 

new, previously unseen fraudulent activities. This combination of techniques 

enables adaptive systems to maintain prominent levels of precision and recall, 

effectively reducing the potential for monetary losses as a result of fraud. 

4.  OCSVM-based credit card fraud detection:  

One-Class Support Vector Machine is a popular unsupervised learning 

technique used in fraud detection, especially in highly imbalanced scenarios 

such as credit card transactions. The central idea behind OCSVM is to identify 

a boundary that encapsulates the majority of legitimate transactions, treating 

any data points outside this boundary as anomalies or potential frauds. Since 

fraudulent transactions typically represent a very small portion of the data 

(often less than 1%), OCSVM is particularly well-suited for detecting these 

anomalies without needing a large volume of labelled fraudulent data. Its 

ability to work effectively in high-dimensional spaces and model complex 

decision boundaries makes it a valuable tool for fraud detection[13]. 

In a high-dimensional feature space, the OCSVM algorithm trains a hyperplane 

to distinguish between outliers and typical data (regular transactions). It 

constructs this boundary by considering the distribution of normal 

transactions and determining the region where the density of points is highest. 

Transactions outside this region are flagged as anomalies and considered 

potentially fraudulent[14]. This method has the advantage of not requiring 
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labeled examples of fraudulent transactions, which can be hard to come by and 

expensive to acquire. Rather, the model concentrates on acquiring the traits of 

typical transactions, which helps it to effectively generalize unknown data and 

identify new kinds of fraud. The detection of credit card fraud via OCSVM is 

shown in Fig. 2. 

 

Fig.2: Method for utilizing OCSVM in credit card fraud detection. 

Features retrieved from transaction data, such as quantity, frequency, location, 

and user-specific behavior patterns, are subjected to OCSVM. 

 Feature selection and engineering are critical for the effectiveness of the 

OCSVM model, as they help capture the underlying dynamics of fraud. For 

example, sudden spending increases, geographical deviations, or purchases 

made at odd times can help the OCSVM model identify outlier transactions. 

Support vector machines' signature kernel method can project the data into 

higher dimensions, which facilitates the identification of intricate correlations 

between features and improves the isolation of dataset abnormalities [15]. 

Using OCSVM for credit card fraud detection also comes with challenges. One 

of the primary limitations is the selection of an appropriate threshold for 

distinguishing between legitimate transactions and anomalies. Setting the 

threshold too low can result in high false positives, flagging many legitimate 

transactions as suspicious and frustrating customers. On the other hand, 

setting the threshold too high may allow fraudulent transactions to slip 

through undetected[16]. To address this issue, careful calibration of the model 
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and rigorous evaluation using techniques like cross-validation are essential. 

Furthermore, OCSVM's sensitivity to noise and outliers in the training set 

could cause the learnt boundary to be distorted, decreasing its ability to detect 

fraud. 

5. Detecting credit card theft with the 𝑻𝟐 control chart:  

The 𝑇2 control chart is a multivariate statistical process control method widely 

used for monitoring and detecting anomalies in complex systems, including 

credit card fraud detection. The fundamental principle behind the control chart 

is to measure the deviation of multivariate observations from their expected 

values based on historical data. In dealings with credit cards, the 𝑇2statistic 

helps track multiple transaction attributes simultaneously, such as amount, 

frequency, and time, to determine if a transaction significantly deviates from 

the normal behaviour observed in past data[17]. Transactions that exhibit large 

deviations from the established norm are flagged as potential fraud cases. 

The 𝑇2 control chart is particularly effective for fraud detection because it can 

handle the correlations between different transaction features, capturing more 

complex patterns of legitimate versus fraudulent behaviour. In a typical setup, 

historical transaction data estimates normal transactions' matrix of covariance 

and mean vector. The 𝑇2  statistic is then computed for each new transaction 

based on its deviation from the historical mean, adjusted for the correlations 

between features. If the  𝑇2 statistic for a transaction exceeds a predefined 

control limit (usually set using statistical significance thresholds), the 

transaction is classified as an outlier, indicating potential fraud. This 

multivariate approach allows the control chart to detect subtle deviations that 

might not be apparent when considering individual features in isolation[18]. 

Fig.3 depicts Detecting credit card theft with the 𝑇2 control chart. 
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Fig.3: Detecting credit card theft with the 𝑻𝟐 control chart. 

The capacity of the 𝑇2 control chart to continually monitor transactions in real-

time makes it ideal for identifying fraudulent activity as they occur, which is 

one of its benefits when used for credit card fraud detection. Unlike static rules 

or univariate methods that focus on specific transaction attributes, the 

multivariate nature of the  𝑇2 control chart allows it to detect complex fraud 

patterns that involve correlations between different transaction variables[19]. 

For example, a fraudulent transaction may involve an unusually high amount 

and an unexpected location, which may go unnoticed by univariate detection 

methods but would trigger an alert in a multivariate framework like the 𝑇2 

control chart. 

However, challenges are associated with implementing 𝑇2 control charts for 

fraud detection. One limitation is the assumption that the underlying 

transaction data follows a multivariate normal distribution, which may not 

always hold in practice. Violations of this assumption can lead to incorrect 

estimates of control limits and increased false positives or negatives. 

Furthermore, the quality of the historical data used to estimate the mean and 

covariance has a significant impact on the control chart's performance. If the 

historical data contains noise, outliers, or unrepresentative transactions, the 

control chart may be less effective at identifying fraudulent transactions[20]. 

Despite these challenges, with proper data preprocessing and adjustments to 

account for non-normality, the 𝑇2 control chart remains a powerful tool for 

detecting credit card fraud in a multivariate context. 
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6. Future Directions:  

In order to manage ever larger and more complicated transaction data in real 

time, future research in adaptive fraud detection systems should concentrate 

on improving the scalability and robustness of machine learning models. We 

want to address the fraud detection problem in the future by utilizing 

autoencoders with control charts, with a focus on time series data that 

contains uncertainty. We also intend to refine our methodology to increase its 

efficacy in identifying fraud in big streaming datasets.[21]. Combining deep 

learning methods to capture temporal relationships and sequential patterns in 

transaction streams, such as transformers and recurrent neural networks 

(RNNs), is one possible avenue. Furthermore, using hybrid models that 

incorporate unsupervised, supervised, and reinforcement learning may 

enhance the ability to identify new fraud strategies. Techniques that protect 

privacy, such as federated learning, are also essential for enabling cross-

institutional collaboration without jeopardizing sensitive data. Finally, in order 

to guarantee that financial institutions and regulators can comprehend and 

have faith in the conclusions made by these systems, explainability and 

interpretability must be integrated into AI-driven fraud detection models [22]. 

7. Conclusion:  

Adaptive fraud detection systems that learn in real-time from credit card 

transaction data represent a viable defense against the growing risk of credit 

card theft. By continuously adapting to new fraud patterns, these systems can 

significantly enhance the detection and prevention of fraud in digital payment 

systems. This paper presents two advanced real-time, data-driven fraud 

detection methodologies that operate independently of anomalies in the 

training set. The first approach utilizes the One-Class Support Vector Machine 

(OCSVM), fine-tuned through optimal kernel parameter selection to enhance its 

detection capabilities. The second approach leverages the 𝑇2 control chart, a 

robust multivariate technique for monitoring and detecting deviations. Our 

extensive numerical results highlight that both methods deliver exceptional 

detection accuracy while effectively minimizing false alarm rates, showcasing 

their effectiveness in identifying fraudulent activities with precision. 
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