
Advances in Consumer Research 
https://acr-journal.com/ 

Advances in Consumer Research 3130 

 

 

Volume-2 | Issue-5 |Oct 2025 

 

Artificial Intelligence for Early Detection of Financial Fraud Using Hybrid Models 

Venkata Ramana Sarma Lingala1 
1Cloud Architect,  

Email ID : Ramana_lingala@hotmail.com 

 

 ABSTRACT 

The complexity of financial fraud has been rising as a result of the rapid growth of digital 

transactions, online banking, and financial technologies. The existing system of fraud detection 

is based on textbook rules and manual audits that cannot be used to recognise emerging patterns 

of fraud on a real time basis. Artificial intelligence provides better opportunities to examine big 

financial data, identify abnormalities, and anticipate fraudulent activities in advance. In this 

work, a hybrid AI structure of machine learning, deep learning, and ensemble is suggested that 

would enhance the accuracy and reliability of early fraud detection. The hybrid model combines 

the use of the temporal pattern recognition, anomaly detection and classification models that 

enable detection of the known and new fraud patterns. Preprocessing of data such as 
normalization and imbalance use improves model performance. Experimental analysis proves 

that hybrid models are better than standalone models based on precision, accuracy and recall as 

well as speed of identifying fraud. Explainability methods enhance financial institution 

transparency and support decision making. The results underscore the significance of the hybrid 

artificial intelligence systems in enhancing the fraud prevention systems. The suggested model 

can help to increase financial stability, mitigate financial loss, and make it possible to implement 

proactive measures against fraud. Practical implications, study limitations, and research 

directions on the scalable artificial intelligence fraud detection systems are also discussed in the 

study. 

Keywords: Artificial Intelligence, Financial Fraud Detection, Hybrid Models, Machine 
Learning, Deep Learning, Anomaly Detection, Predictive Analytics. 

 
 

INTRODUCTION: 

Financial fraud is a big menace in financial institutions, 

business and individuals across the globe. As the number 

of non-physical banking users increases with the 

introduction of the digital banking system, electronic 

payments, and blockchain-based transactions, fraudsters 

have embraced new-fangled ways of approaching the 

weaknesses of financial systems. Conventional systems of 

fraud detection are rule-based and therefore not capable of 

detecting emerging and more crafty fraud forms. The 

alternative is an artificial intelligence which offers the 
potential of learning significantly with large amounts of 

data and identifying nuanced trends related to fraud cases. 

AI assists in predictive analysis, anomaly detection, and 

real-time monitoring, enhancing fraud prevention 

capabilities [15]. By studying patterns of transactions in 

the past, machine learning algorithms can detect 

suspicious patterns and analyze the behavior of 

transactions. Supervised learning models are used to rank 

transactions as probable fraudsters and unsupervised 

learning models detect abnormalities without labels. Deep 

learning models also help increase the likelihood of 
detecting fraud by building temporal relationships and 

nonlinear connections in transaction sequences [28]. In 

Hybrid models, different algorithms are combined to 

enhance the performance and robustness. 

Misalignment of datasets, changing trends of fraud, and 

massive data processing are some of the challenges faced 

when detecting financial fraud. The number of fraud cases 

is a little percentage of the overall transactions and hence 

can be hardly detected. The artificial intelligence methods 

deal with the issue of imbalance using sampling and 

adaptive learning techniques [23]. Hybrid models: Hybrid 
models are models that are a combination of several 

models in an attempt to improve detection accuracy and 

minimise false detections. In the proposed research, a 

hybrid model of artificial intelligence will be applied to 

early detection of fraud. The framework is a combination 

of machine learning, deep learning, and the methods of 

anomaly detection. The aim is to enhance the level of 

detection accuracy, minimize false positives, and increase 

the early detection of fraud transactions. The evaluation is 

based on model performance which is assessed by 

performance measure and financial transaction datasets. 

The results are useful in enhancing the system of fraud 

detection and financial security. 

RELATED WORKS 

Financial fraud detection has greatly evolved due to 

artificial intelligence which has enhanced financial data 

analysis and predictive modeling methods. Machine 

learning algorithms allow the identification of suspicious 

behavior and fraud models in financial transactions 
automatically. Conventional statistical techniques cannot 

identify sophisticated patterns of fraud, but artificial 

intelligence can deal with the problem in an adaptive and 

scalable manner [25]. A number of analyses have been 

conducted on machine learning algorithms to detect 
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frauds. Fraudulent transactions have been extensively 

classified using decision trees, logistic regression and 

support vector machines. These models study the 

characteristics of transactions and acquire the patterns that 

are related to fraud. Machine learning systems exhibit a 

superior level of detection than the traditional rule-based 

systems [4]. Standalone machine learning models can 

however find it difficult to deal with asymmetrical 

datasets, and changing fraud patterns. Deep learning 
models offer superior fraud detection abilities as they are 

able to learn complex and non-linear relationships 

between the transaction data. Convolutional and recurrent 

neural networks help to identify spatial and temporal 

trends in financial transactions. Deep learning models 

enhance the detection of frauds and can be used to detect 

fraudulent behavior at a very early stage [28]. CNN, 

LSTMs, and GRU hybrid deep learning models have been 

shown to be the best in fraud detection systems [9]. 

Unbalanced data sets are a significant problem of fraud 

detection. The number of fraudulent transactions is a low 
percentage in the overall transactions and thus the 

biasness is created in the performance of the models. The 

oversampling and undersampling techniques enhance the 

performance of the model through a balanced isotope of 

datasets. Accuracy in detecting frauds is enhanced by 

synthetic data generation methods as used in generative 

adversarial networks that generate fake samples to 

represent standard frauds [6]. The techniques of 

imbalance handling enhance sensitivity of the model and 

model detection [23]. 

Hybrid artificial intelligence models have several 

algorithms to enhance the accuracy and robustness of 

fraud detection. Variants of ensemble learning combine 

two or more classifiers in order to enhance prediction 

accuracy and minimise false positives. Hybrid provides an 

integration of anomaly detecting and classifying methods 

to identify known and unknown fraud patterns [7]. 

Combined methods improve scalability and performance 

of fraud detection. Explainable Artificial Intelligence 

enhances transparency and interpretability of fraud 

detection models. Banking institutions need to have 
explainable models to comprehend the decision making 

mechanisms and to be able to comply with the regulations. 

Elucidation artificial intelligence methods enhance trust 

and usability rate of a fraud detection system [22]. 

Explainable models provide better support of decisions 

and effectiveness of fraud investigation effort. 

Detection of fraud in insurance, healthcare, and e-

commerce, are the other fields where artificial intelligence 

has been used. Machine learning is used in fraud detection 

methods in the insurance sector to find fraud cases and 
suspicious behavior [13]. Artificial intelligence can be 

used to detect healthcare fraud based on billing data 

through the systems deployed to combat fraud [21]. 

Artificial intelligence is a type of detection system that 

detects e-commerce fraud by analyzing the patterns of 

transactions and implementing the detection [30]. Recent 

work has undertaken the ability to use hybrid deep 

learning models in detecting financial frauds. The hybrid 

models are the type of models that integrate both feature 

extraction and classification with the aim of increasing 

accuracy in detection. Deep hybrid models combine the 

convolutional neural networks with the recurrent neural 

networks to learn detailed transaction patterns [26]. 

Hybrid models have better fraud detection than standalone 

models. 

Artificial intelligent methods of fraud detection have been 

applied through generative algorithms. Generative models 

replicate the situations of frauds and enhance the training 
of models. GAN-based artificial intelligence is more 

robust and detective in nature [20]. Generative models 

increase fraud detection and better predictive measures. 

Reinforcement learning has also been used together with 

artificial intelligence to enhance the activities of fraud 

detection. Reinforcement learning makes learning 

adaptive and assists in increasing the detection rate of 

fraud. Reinforcement learning improves performance and 

flexibility of the models [19]. Effectiveness of fraud 

detection is enhanced with reinforcement learning. The 
concept drift, data imbalance, and model interpretability 

are some of the challenges of artificial intelligence-based 

fraud detection systems. The hybrid models solve these 

problems by fusing various algorithms and adaptive 

learning techniques [3]. The artificial intelligence systems 

are hybrid and enhance the performance and robustness of 

fraud detection. The recent developments in artificial 

intelligence and big data technologies have created an 

opportunity to detect fraud in real-time. The real time 

fraud systems scan through the processes in real time and 

detect any suspicious transaction. Artificial intelligence 
increases the efficacy and precision of fraud detection 

[16]. With artificial intelligence, it is possible to 

implement proactive fraud prevention methods. 

Altogether, AI has enhanced fraud detection to a 

substantial level. Implementation of hybrid models of 

artificial intelligence offers improved performance, 

scalability and strength. Artificial intelligence remains the 

critical element of augmenting the system of detecting 

frauds and financial security. 

METHODOLOGY 

The proposed study is a hybrid artificial intelligence 

model that is a combination of machine learning, deep 

learning, and anomaly policies to be used in early 

detection of financial fraud. The methodology will be 

based on data preprocessing, feature engineering, building 

a hybrid model, and performance evaluation. The hybrid 

model combines several algorithms in order to enhance 

accuracy and robustness in detection. 

A. Data Collection and Preprocessing 

The data set of financial transactions was gathered as 

public available sources of financial transaction data as 

well as financial transaction simulation data. Some of the 

transaction attributes in the datasets include the 

transaction amount, time of transaction, account ID, the 

location, and the type of transaction. Pre-processing of 

data needs to enhance the effectiveness of the model and 

successful detection of fraud. 

Data cleaning eliminates missing data and redundant 

records in addition to inconsistent data entries. 

Normalization of data normalizes the values of the 

transactions in a bid to enhance model convergence. The 

encoding of features transforms categorical data into 
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numerical data to be inputted in machine learning models. 

Data balancing methods enhance the performance of the 

model since they handle imbalance datasets [12]. 

Synthetic sampling methods create fraud samples in order 

to balance the data. Reducing the scale of features 

enhances the performance of a model and training of a 

model. Preprocessing of data is a guarantee of high quality 

input data in the hybrid models training. 

Table 1: Dataset Description 

Feature Description Type 

Transaction 

ID 

Unique identifier Numeric

al 

Amount Transaction 

amount 

Numeric

al 

Time Transaction 

timestamp 

Numeric

al 

Location Transaction 

location 

Categori

cal 

Fraud Label Fraud or Non-

Fraud 
Binary 

B. Feature Engineering and Selection  

The process of feature engineering enhances the 

performance of a model by extracting relevant data in 

terms of features of the transaction data. Patterns that are 

significant to detect fraud used in transactions are 

transaction frequency, average size of transaction and 

location of transactions. Behavioral attributes enhance the 

detection of a fraud. 

The feature selection techniques are used to detect 

significant features in fraud detection. The process of 

feature selection enhances better performance of the 

model, as well as lowers computational costs. Correlation 

analysis and statistical techniques define the relevant 

features [8]. 

The method used to enhance the performance of the 

modelling involves using feature transformation interest 

aids in transforming raw data to meaningful features. 
Features engineering increases the accuracy of models 

and performance on fraud detection. 

Table 2: Feature Engineering Techniques 

Techniq

ue 

Purpose Benefit 

Normali

zation 

Scale features Improve 

convergence 

Encodin

g 

Convert 

categorical data 

Enable model 

training 

Aggregat

ion 

Create behavioral 

features 

Improve 

accuracy 

Selection Identify 

important 

features 

Reduce 

complexity 

C. Hybrid Model Development 

The hybrid model combines machine learning and deep 

learning, as well as anomaly detection. Machine learning 

models categorize transactions in terms of the probability 

of fraud. Deep learning models are able to learn nonlinear 

dependencies in transaction data and capture the temporal 

patterns in such data. 

Measuring atypical patterns of transactions is done by use 
of anomaly detection models. Ensemble learning is a 

combination of various models, which are used to enhance 

accuracy [29]. Hybrid models enhance the performance of 

fraud detectors and robustness. 

The hybrid model consists of feature extracting, 

classification and anomaly detection layers. All the layers 

make a contribution towards the performance of fraud 

detection. Hybrid architecture enhances the rate of 

detection of fraud. 

D. Model Training and Evaluation 

The hybrid model is also trained on labeled transaction 

data. Training refers to the process of adjusting model 

parameters so that they can get better results in fraud 

detection. The evaluation measures to use are accuracy, 

precision, recall and F1-score. 

Cross-validation enhances model reliability and 

overfitting is avoided. Performance assessment is used to 

compare the performance of hybrid models to the 

standalone models. Hybrid models are better at detecting 

fraud [17]. 

Model evaluation guarantees a good framework of fraud 

detection. Hybrid models offer better performance in 

terms of fraud detecting and earlier fraud detecting. 

FINDINGS AND DISCUSSION 

The hybrid model of artificial intelligence shows much 

better performance, when compared to individual 

machine learning and deep learning models in identifying 

financial fraud. Blending numerous algorithms allows the 

system to detect multiple performance of linear and 

nonlinear fraud, and misconduct and time association of 

transactions. This multifunctional learning capability 

improves detection accuracy, decreases false alarms as 
well as early detection of frauds [2]. The advantage of 

hybrid architectures is the ability to combine the 

advantages of classification, anomaly detection, and deep 

learning elements, that together enhance the predictive 

performance of their models and their strength. The 

relevance of these findings is that hybrid artificial 

intelligence models offer more facilitative and scalable 
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fraud detection solutions. The findings also back up the 

assertion that the artificial intelligence systems are 

transformative in the financial risks management and 

operational security through facilitation of intelligent and 

adaptive fraud detection systems [15]. 

 

Figure 1: “AI-Powered Fraud Detection” 

A. Model Performance Comparison 

Accuracy was chosen as the major evaluation measure 

through which model performance comparison was done. 

Accuracy gives measurements in terms of percentage of 

correctly classified transactions that may either be a 
fraudulent or legitimate case. According to the results, it 

is possible to mention that the hybrid artificial intelligence 

model has demonstrated the highest accuracy among other 

machine learning and deep learning models. The accuracy 

of Logistic regression was 91 and the accuracy of the 

random Forest model was 94. The models of deep learning 

had a better performance with an accuracy of 96 which 

shows that it has the capacity to identify nonlinear 

relationships as well as transaction patterns over time. 

Nonetheless, the hybrid model was most accurate with 

99% showing the usefulness of a combination of several 

artificial intelligence methods [3]. 

 

Figure 2: “A high-level architecture of the proposed 

hybrid fraud detection framework for invoicing 

platform” 

The advantage of hybrid models is that they enhance the 

performance of fraud detection using several different 

learning mechanisms. Machine learning models offer 

effective classification services, whilst deep learning 

models entail the capturing of transaction patterns 

(sequential and behavioral). The anomaly detection 

elements detect suspicious activities that do not 

necessarily match the patterns of existing frauds. The 
ensemble learning introduces different models that make 

predictions and eliminates the weaknesses of particular 

models [5]. This integration is very important in detection 

of frauds in a more precise and reliable way. Architectures 

of hybrid learning allow more effective generalization and 

motion to new fraud patterns. Such results are not new 

since other researchers have found out that hybrid deep 

learning models substantially enhance the accuracy and 

resilience of detecting fraud and financial transactions 

analysis [26]. 

Table 3: Model Accuracy Comparison 

Model Accuracy 

Logistic Regression 91% 

Random Forest 94% 

Deep Learning 96% 

Hybrid Model 99% 

The hybrid model also shows better classification 

performance and it can be used as a good solution to 

detecting fraud at early stages in the complex financial 

systems. 

B. Precision and Recall Analysis 

The performance indicators that are vital in assessing 
fraud detection systems are precision and recall. Precision 

is the rate of rightful detecting of fraud that has occurred 

among all frauds detected. Exquisite selection diminishes 

false positives and improvises unwarranted blockage of 

transactions. Recall is an indicator of the degree to which 

real fraud cases are identified using the model. The 

element of high recall makes sure that fraudsters are easily 

caught and avoided. The obtained results indicate that 

hybrid models were more precise and better in recall than 

standalone models [10]. The precision and recall obtained 

in machine learning models were 0.92 and 0.89 
respectively, which can be regarded as moderate. The 

ability to capture the complex patterns of transactions 

resulted in better precision and recall of 0.95 and 0.93 by 

deep learning models, respectively. Nonetheless, the 

hybrid model reported the best precision and recall of 0.98 

and 0.97, respectively, and indicated high sensitivity and 

accuracy of fraud detection. Hybrid models decrease cases 
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of missing fraud and decrease the wrong fraud warnings. 

Such enhancements increase operation efficiency and the 

rate of fraud detection. Hybrid models enhance detection 

on fraud in that both the classification and the detection of 

anomaly are combined. The ensemble methods enhance 

predictive consistency and minimize the bias of models. 

Behavioral analysis with the identification of temporal 

patterns increases the sensitivity of fraud detection. These 

results are in line with the past studies that showed that 
ensemble artificial intelligence models and hybrid models 

achieve significantly high improvement in the accuracy of 

detecting fraud and recall performance in financial 

systems [13]. 

Table 4: Precision and Recall Comparison 

Model Precision Recall 

Machine Learning 0.92 0.89 

Deep Learning 0.95 0.93 

Hybrid Model 0.98 0.97 

The hybrid models offer more quality fraud detection as 

well as minimizing financial risk among institutions and 

customers. 

C. False Positive Reduction 

False positives are legitimate transactions that have been 

wrongly registered as fraudulent. False positive rates are 

also high, which are detrimental to the experience of the 

customer and raise the cost of operations because of the 

need to conduct fraud investigations that are not 

necessary. Thus, to enhance the performance of the fraud 

detection systems it is important to minimize false 
positives. The experimental findings indicate that hybrid 

artificial intelligence models lower the level of false 

positives as compared to standalone models. 

 

 

Figure 3: “Data-driven financial fraud detection using 

hybrid artificial and quantum intelligence” 

The false positive of machine learning models was 8 and 

that of deep learning models was 5. The hybrid model has 

the least false positive rate at 2 per cent, and this proves to 

be of better performance in terms of differentiating 

legitimate and fraudulent transactions. Hybrid models 

enhance the accuracy in classification because it 

incorporates more than one detection mechanism. These 

organizational patterns are identified better through 

behavioral analysis. Anomaly detection is used to see 

genuine fraud and minimizes the number of false fraud 

alerts. 

The hybrid models enhance reliability of fraud detection 

as there is a reduction in the classification errors. 

Ensemble learning is used to enhance accuracy of the 

prediction and minimize model bias. Hybrid architectures 

are more generalized and adaptable to fraud trends. These 

results are corroborated by evidence showing that 

artificial intelligence systems with hybrid and multimodal 

versions lead to a notable decrease in the overconfidence 

rates in terms of financial fraud detection systems [24]. 

Table 5: False Positive Comparison 

Model False Positive 

Rate 

Machine Learning 8% 

Deep Learning 5% 

Hybrid Model 2% 

Minimised false positives enhance customer satisfaction, 

efficiency and performance of the fraud detection system 

on the whole. 

D. Early Fraud Detection Capability 

Preventing financial losses and financial systems 

protection greatly depends on early fraud detection. The 

use of hybrid artificial intelligence models showed better 

performance in the detection of early stages of fraud than 

other machine learning and deep learning models. The 

early detection helps the financial institution to avoid 

fraudulent transactions at the earliest stage before things 

get out of control. The hybrid model real-time analysis 

studies the transaction patterns, behavioral patterns and 

anomaly signals [11]. 

Machine learning models had moderate speeds of 

detection because of the poor pattern recognition abilities. 

The speed of detection of deep learning models was higher 

because they were capable of analyzing sequential 

transaction patterns. Nonetheless, the hybrid model was 

found to have the quickest detection capacity because of 

the incorporation of the anomaly detection and the 

predictive learning models [18]. Hybrid models detect 

fraud earlier in time and are more responsive to fraud 

threats that arise. 
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Figure 4: “An Intelligent Financial Fraud Detection 

Support System Based on Three-Level Relationship 

Penetration” 

The speed of fraud detection is enhanced in the hybrid 

models through real time monitoring and predictive 

analysis. Behavioral analytics enhance the initial 
detection of suspicious behavior. Anomaly detection is 

used to detect odd transaction patterns in real-time. These 

will enhance the effectiveness in fraud prevention and 

minimize loss of finances. These conclusions are 

supported by the studies showing that artificial 

intelligence can enhance the fraud detection performance 

in real-time and increase the safety of financial systems 

[14]. 

Table 6: Detection Time Comparison 

Model Detection Time 

Machine Learning Medium 

Deep Learning Fast 

Hybrid Model Very Fast 

The hybrid artificial intelligence models offer quicker 

fraud detection, greater financial security and enhanced 

resistance to the volume of fraud threats. 

CONCLUSION 

Financial fraud detection has greatly advanced with the 

use of artificial intelligence, as AI makes it possible to 

analyze financial transactions automatically and detect 

suspicious patterns. The manual surveillance and 

traditional systems of fraud detection is based on static 

rules that cannot identify the changing trend of frauds. 

Hybrid artificial intelligence models demonstrate better 

fraud detection work due to the use of machine-learning, 
deep-learning, and anomaly detection methods. The 

hybrid artificial intelligence framework proposed 

depicted better performance when compared to standalone 

models. Hybrid models ensured a better detection of 

fraud, precision, recall, and early detection. False 

positives were minimized and fraud detection increased 

with hybrid models. The prevention of fraud can be 

proactive using hybrid models. Elucidated artificial 

intelligence enhances model clarity and application. 

Decision-making and regulatory compliance are 

supported by explainable models [22]. Hybridistic 

artificial intelligence models increase the effectiveness 
and usability in fraud detection. Fraud detection solutions 

have scalable and robust solutions offered by hybrid 

artificial intelligence models. The hybrid models enhance 

better performance in fraud detection and financial 

security. Real-time fraud prevention and detection are 

through the use of hybrid models. Future studies must 

look at more sophisticated hybrid artificial intelligence 

methods, explainable artificial intelligence and real-time 

fraud systems. The second way of relying on artificial 

intelligence to enhance a financial fraud detection system 

is through hybrid models. Hybrid artificial intelligence 
will improve the performance of detecting frauds, 

minimize financial losses, and increase financial security. 

The next generation of financial fraud detection systems 

is represented by hybrid artificial intelligence.. 
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