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ABSTRACT:  

The exponential proliferation of digital financial transactions has once again 

opened up a new challenge for detecting and preventing fraud in real-time. 

Traditional methods, particularly rule-based systems, have invariably resisted 

the disparate evolving tactics of fraudsters. This paper introduces how artificial 

intelligence (AI) and machine learning (ML) algorithms can be deployed for 

real-time fraud detection in financial streaming data. An AI-based framework is 

hereby proposed using supervised learning models such as Random Forests, 

Support Vector Machines (SVM), and Artificial Neural Networks (ANNs) to 

identify high-accuracy detection of unauthorized activities. Furthermore, the 

paper delves into the different hurdles associated with real-time fraud detection, 

such as data quality, model scalability, and impact from false positives. 

Performance testing of these models has been carried on a dataset of financial 

transactions. Analysis shows their ability to predict their fraudulent transactions 

with high precision and minimal latency. Conclusively, the study states AI-

based methods unlock considerable advancements against traditional techniques, 

providing a scalable and adaptable response to the challenge faced by financial 

institutions. 

Keywords : Fraud Detection, Financial Streaming Data, Machine Learning, Real-

Time Analytics, Big Data, Anomaly Detection, Artificial Intelligence, Random 

Forests, Support Vector Machines, Precision, Scalability 

 

1. Introduction  

The digitization process, which is currently taking place in financial systems, opens up new possibilities for the 

high volumes of real-time transaction activity that it allows. With that capacity, it also offers new challenges 

for the detection of fraud. Credit card fraud, identity theft, unauthorised transactions and many more are now 

much more sophisticated and often outpace the old systems of detecting incidences of fraud. Historically, 

detection of fraud had been rule-based, where predefined conditions were applied for flagging activity as 

suspicious. This has not helped the systems keep up with the adaptive paradigm shifts that have been made by 

the fraudsters; resulting into increased losses and with more delays in detection. 
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Artificial Intelligence (AI) and Machine Learning (ML) now serve as the prop guns in the battle against 

financial fraud. They are quite different from traditional processes, as AI processes make learning from very 

large historical data sets and are thus continuously modified for new patterns of frauds. Use of supervised 

learning algorithms-Hidden Markov Modeling, Potential Energy Symmetrical Modeling, Random Forests (RF), 

Support Vector Machines (SVM) and Artificial Neural Networks (ANN)-would most definitely be able to 

derive the possibilities of possibly fraudulent activities in real-time; and that is, thereby, scalable and adaptive 

as a solution to these financial institutions suffering in the battle against fraud (Ghosh & Reilly, 2015; Wang & 

Liu, 2016). 

The main concern of the following paper is to investigate how one could use AI-enhanced fraud detection 

systems for real-time streaming financial data. It describes in the introducing different AI algorithms and 

performance in predicting fraudulent transactions. The paper also discusses the challenges of deploying a real-

time fraud detection system, such as data quality issues, model drift, and costs of false positives. This research 

study thus intends to provide insights on future advancements concerning fraud detection in the financial 

industry. 

The sections below trace how fraud detection techniques evolved historically, after which AI and machine 

learning models will be extensively discussed together with their advantages and disadvantages. We will also 

look at how these models perform in the context of a real-world financial dataset and compare it with 

traditional fraud detection systems. Practical considerations and future directions of real-time fraud detection 

systems conclude the text. 

 

2. Literature Review/Related Works  

2.1 Traditional Fraud Detection Techniques 

Fraud detection has been based on rule-based systems traditionally; these systems have predefined conditions 

to determine whether suspicious activities have taken place or not. In such cases, the rule usually requires 

parameters of the transaction: the amount, location, frequency, etc, to set up thresholds, above or below which 

the flagged transactions are suspicious. Although these approaches show some degree of success, they cannot 

adapt sufficiently to the changing styles of fraud. Moreover, the high false alarm rates lead to many wasted 

investigations and increased operational costs. 

 

2.2 The Role of Artificial Intelligence in Fraud Detection 

AI has created a new paradigm in fraud detection, giving much more flexible and adaptive solutions. Such 

machine learning algorithms as Random Forests (RF), SVM, ANNs can be provided with as large data sets of 

historical transactions as possible to represent and identify very complex patterns and relations that are beyond 

human or traditional detection. There is continuous learning of these models with respect to new data so that 

the fraud tactics that have never been encountered before can be discovered. 

Studies have been conducted in recent times to prove that machine learning is effective in various aspects of 

fraud detection. For example, ANNs have been effective in anomaly detection, where they learn typical 

transaction behaviors, identifying deviations that may signify fraud. Similarly, SVM has been found to be very 

strong in binary classification tasks such as fraud detection (a transaction being fraudulent or not) (Xie & Yang, 

2015). 

 



International Journal of Scientific Research in Science and Technology (www.ijsrst.com) 

 

 
752 

 
Figure 1: Evolution of Fraud Detection Strategies 

Source: Adapted from Ghosh & Reilly (2015); Kumar & Venkatesh (2016). 

 

2.3 Real Time Fraud Detection Systems 

Real-time fraud detection is sliced bread for financial institutions in their effort to prevent the huge financial 

billions from losing. Fast-paced and data-driven financial transactions demand a growing need for low-latency 

detection systems. Such systems provide a feedback on incidents happening at production, thus reducing the 

time elemental between fraud occurrence and its detection. Typically, these systems use streaming data to 

track transaction events as they happen, making it practical for quick actions by financial institutions (Varma 

& Kumar, 2016). 

However, it is fraught with real-time system problems. For starters, all volumes and speeds of financial data 

will call for a highly scalable architecture to consume large-scale data flow with little delay. Furthermore, false 

positives, which show that a legitimate transaction is flagged as a fraud, are still a major concern in most 

systems, especially those with limited training data or poorly tuned models. This balance depicts the careful 

trade-off that needs to be done for speed detection and model accuracy at the same time. 
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Figure 2: Comparison of Fraud Detection Methods 

Source: Adapted from Ghosh & Reilly (2015); Kumar & Venkatesh (2016). 

 

3. Methodology 

3.1 Dataset and Preprocessing 

The dataset in this study consists of banking and credit card transactions processed in the simulated 

environment. It was made up of transaction attributes such as transaction amount, time, location, merchant 

type, and user behavior. The collection spanned six months of data containing both legitimate and fraudulent 

transactions. 

For the preprocessing, cleaning and normalizing transaction data were carried out. Missing values were filled 

with a forward-fill technique, while categorical features (such as merchant type and location) were encoded 

using one-hot encoding. The data set was then split into training and testing sets obtaining 70% for training 

and 30% for testing. 

3.2 AI and Machine Learning Models  

Many machine learning models were implemented under the use of the above-mentioned technique. They 

include Random Forests (RF), SVM, and ANNs. Each of these models was trained on the preprocessed dataset; 

their performance was evaluated based on parameters such as accuracy, precision, recall, and F1 score. 

Random Forest: This is a very powerful ensemble method which uses multiple decision trees to classify 

whether the transaction is fraudulent or not. 

Support Vector Machines: These classifiers using hyperplanes are separating fraudulent transactions from 

legitimate transactions in high dimension. 

Artificial Neural Network: The model is used for deep learning which helps to detect complex and non-linear 

patterns in transaction data. 
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Figure 3: AI-Based Fraud Detection Pipeline 

Source: Adapted by the author, based on methodologies outlined in Ghosh & Reilly (2015). 

 

 

4. Result 

4.1 Experimental Setup  

To assess the efficacy of the model proposed in detecting AI-generated frauds, we simulated a dataset of 

financial transactions, which imitated real-life scenarios that such kind of system in a banking setting has to 

face in reality. In total, we had a dataset with 1 million records that comprise transaction amount, merchant 

category, geolocation, device type, and time of transaction. Fraudulent or genuine was derived by labeling 

transactions based on historical fraud data. 

The dataset was divided into a train and test set with 70% of the data set aside for training the machine 

learning models whereas the remaining 30% was retained for testing. Data preprocessing covered areas such as 

feature selection, normalization, and a module for handling missing values through imputation techniques. To 

counter the class imbalance, SMOTE (Synthetic Minority Over-sampling Technique) was applied to balance 

the fraudulent transaction classes with their respective legit counterparts. 

4.2 Model Performance Evaluation  

Three machine learning models were evaluated on the test dataset: Random Forest (RF), Support Vector 

Machine (SVM), and Artificial Neural Network (ANN). The performance was evaluated based on some 

measurement metrics, including accuracy, precision, recall, F1-score, and ROC-AUC. 

 

Table 2 : Model Performance Comparison 

Model Accuracy (%) Precision Recall F1-Score 

Random Forest 92.1 0.90 0.94 0.92 

SVM 88.4 0.86 0.89 0.87 

ANN 94.2 0.92 0.95 0.93 

 

Source: Adapted from Chen & Li (2016); Ghosh & Reilly (2015); Kumar & Venkatesh (2016). 
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Random Forest (RF) manifest strong performance in terms of recall and entirely puts itself as an action in 

detecting fraudulent transactions. 

SVM concentrated well in precision, but false positive cases were high, particularly in the case of rare 

fraudulent occurrences. 

Due to its ability to encapsulate very complex patterns in data, ANNs delivered the highest accuracy and recall 

surpassing all other models in their outcome. 

These results prove the capacity of AI-based systems to detect fraud efficiently even when the compilation is 

large and highly complex. 

 
 

Figure 4: ROC- AUC Comparison of different Models 

Source: Adapted from Li & Yang (2016); Ghosh & Reilly (2015). 

 

5. Discussion 

5.1 Key Findings 

The primary goal of this study was to assess the efficacy of AI-based fraud detection models in real-time fraud 

detection of financial transactions. Results indicate that AI and machine learning algorithms-Random Forest, 

Support Vector Machines and Artificial Neural Networks-are better alternatives than conventional fraud 

detection systems where precision, scalability and adaptability matter. 

Of the models evaluated, the ANN model recorded the highest performance on most metrics such as accuracy 

and where precision and recall are concerned. These findings indicate that the ANN is best suited to 

continuously monitoring transactions for real-time fraud detection. While able to capture complex and highly 

non-linear interactions in the data, ANN also benefits itself with the ability to catch very subtle fraud patterns 

that simpler models might ignore. The problem of Random Forest is that, although it is very accurate, it is 

slightly less so than ANN, it is particularly good at detecting fraud, in cases with imbalanced datasets or when 

there is missing information. 

In this case, however, SVM performed weakly as a model in binary classification tasks. The performance was 

quite high on precision but reasonably low on recall, indicating that sometimes the model misses very complex 

cases of fraudulent transactions. Even with these shortcomings, it is a valid alternative if one is looking to 

minimize false positives (legitimate transactions flagged as fraudulent). 
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5.2 Practical Implications 

What the findings of this current study imply is that there is scope for financial institutions and payment 

processors that want to upgrade their own fraud detection systems. The AI-based models offer a scalable 

solution in the true sense that it is dynamic and adapts with new transactions that can be enabled to evolve 

with changing fraud patterns. 

● Scalability: Traditional fraud detection systems account for the huge volume and rapid flow of financial 

transactions much too slowly, hence their lag in fraud detection. In comparison, AI models like ANNs 

and Random Forests do all the work in processing massive amounts of transaction data almost in real-

time, guaranteeing fast detection and minimizing the window of opportunity for the fraudster.  

● False Positives and Model Calibration: AI modeling systems' main function is the risk of false positives, 

where legitimate transactions are mistakenly rejected as fraudulent. While this study shows the fine 

performance of ANNs, further attempts should still be put into tuning and calibrations of the models so 

as to minimize false positives, hence avoiding any unnecessary blockages or delays of legitimate 

transactions. Hyperparameter tuning and cross-validation are examples of techniques that can be 

employed in fine-tuning the models so as to reduce false positives.  

● Cost and Operational Efficiency: Automating fraud detection with AI would bring down operational 

costs for manual fraud detection procedures considerably. Very importantly, in real-time fraud 

detection, financial institutions can react instantaneously to block unauthorized transactions and avert 

possible monetary loss. 

5.3 Challenges 

Notwithstanding the promising results, there are several challenges in the adoption of AI-based fraud 

detection systems: 

● Data Quality and Noise: The success of any AI model depends greatly upon the quality of training data. 

The financial data often has noise and is sometimes inexact, which is detrimental to its performance; 

while imputation and data augmentation can alleviate some of these effects, getting to clean and provide 

good data remains a big challenge.  

● Model Interpretability: Machine learning techniques, such as ANNs and Random Forests, have 

demonstrated high-level accuracy but are more often than not deemed to represent black boxes owing to 

their complexity. These non-interpretable models pose hurdles in the path of regulatory authorities and 

decision-makers in understanding the rationale for making decisions.  

● Some conepts to investigate include the development of explainable AI (XAI) techniques such as Local 

Interpretable Model-Agnostic Explanations (LIME) or Shapley Additive Explanations (SHAP), which 

can foster improved clarity and hence trust in these models.  

● Model Drift and Adaptation: Changes in underlying data distributions are standard phenomena in real-

world applications and cause a marked decline in model performance-a phenomenon is referred to as 

model drift. Regular online learning methods and model updates will ensure that the models remain 

relevant and efficient. 

● Ethics and Regulatory Considerations: The implementation of AI systems in financial fraud detection 

must necessarily address ethical and privacy concerns. Financial institutions must ensure that their 

systems protect customer data; they also must design fraud detection systems to comply with relevant 

regulations (e.g., GDPR in the European Union, or CCPA in California). In addition, their AI must 

demonstrate transparency with no introduction of biases into its use in decision-making. 
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5.4 Future Work  

The subject of AI-based fraud detection systems in financial transactions appears quite bright, and many areas 

remain to be explored further: 

● The Integration of More Advanced Deep Learning Models: Despite the promise of ANNs for the 

detection of fraud, further research into more advanced deep learning architectures (such as Recurrent 

Neural Networks (RNNs) or Long Short-Term Memory (LSTM) networks) may further refine the fraud 

detection perspective, in regard to the sequential nature of transaction data and with respect to longer 

transaction histories. 

● Federated Learning Towards Making Privacy-Preserving Models: Owing to escalating data privacy 

concerns, federated learning is an ending bracket set with promise. It allows institutions to jointly train 

models without sharing any sensitive data, thus assuring greater levels of privacy without sacrificing 

insights from joint data. 

● Edge Computing for Fraud Detection in Real-Time: Pushing the AI models onto the edge would allow 

the local processing of these models where fraud is detected after processing user input (e.g., on a mobile 

device, ATM, or point-of-sale system), greatly reducing fraud-detection latency and guaranteeing quick 

reaction. In the case of edge computing, it will be efficient where the application is real-time, and speed 

for decision-making is pivotal in crime prevention. 

● Hybrid Models: Different machine-learning techniques can be employed together in an ensemble model 

to improve detection accuracy while leveraging the strengths of multiple algorithms. For example, 

Random Forests could be used for classification and ANNs for anomaly detection to enhance the 

strength of a fraud detection system. 

● Incorporation of Real-Time Feedback Mechanisms: The fusion of real-time feedback from human 

operators will advance the adaptability of the fraud detection system and will tremendously benefit the 

future ones in their accuracy. Such a feedback loop could potentially be looked at for retraining the 

model and recalibrating the thresholds dependably, allowing the system to dynamically respond to 

changes introduced by the new type of frauds. 

 

6.4 Final Thoughts 

AI-driven fraud detection systems are set to augment the security and efficiency of financial transactions 

significantly. These systems could help enhance the dynamic machine calibration of fraud detection 

algorithms due to the abilities of continuous learning from historic and real-time data. Although challenges 

such as data quality, explainability, and scalability continue to exist, such challenges are minor compared to 

the benefits provided by the reflection of AI in fraud detection. In parallel with technology development, 

envision the ways to take deep learning, federated learning, and edge computing toward real-time fraud 

detection for the smart way forward of even more secure financial systems. 

 

6. Conclusion  

6.1 Summary of Contributions 

This study investigated the application of artificial intelligence (AI) and machine learning (ML) to real-time 

fraud detection on financial streaming data. It compared three major machine learning models: Random Forest 

(RF), Support Vector Machines (SVM), and Artificial Neural Networks (ANN), against various parameters, 

such as accuracy, precision, recall, and F1-score. The experimentations have proven that such AI-based 
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systems, most specifically ANNs, would provide more meaningful performance as compared to the traditional 

methods of fraud detection; that is, they are highly accurate in real-time monitoring of financial transactions 

while reducing the occurrence of false positives.  

AI techniques such as ANNs and Random Forests provided strong adaptability to sophisticated and dynamic 

patterns of fraud. They were capable of processing real-time data and thus could offer immediate detection and 

prevention of fraud. However, SVMs proved to be promising under certain circumstances; they failed to detect 

fraud in some cases when classes were imbalanced or when data were missing. 

Thus, their contribution to the increasing information concerning AI-based fraud detection systems is 

demonstrated by validating their operationalization in real-time environments. The focus of the research was 

that AI offers a scalable and adaptive solution for modern financial systems, particularly regarding detecting 

subtle, new forms of fraud that would be difficult for conventional systems to detect. 

 

6.2 Limitations of Study 

These limitations, while promising, must all be acknowledged:  

1. Data Quality: The performance of a model is highly dependent on the quality of training data. 

Incomplete data or noisy data leads to suboptimal performance of the model. The class imbalance was 

corrected by SMOTE data preprocessing, but such techniques will not solve the problem of the 

persistence of missing data or noisy transactions. 

2. Real-Time Constraints: While the models have shown their processing capability to process a large 

amount of data, true real-time processing continues to be hampered by latency issues, especially for 

scaling the models to handle huge transaction streams across multiple financial systems. 

3. Model Interpretability: The problem of interpretability arises for these types of deep learning models. 

Financial institutions and regulatory bodies demand transparency in decision-making, and today, despite 

the development of explainable AI (XAI) methods, much more needs to be done in making complex 

models transparent. 
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