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Financial fraud has emerged as one of the most pressing challenges in the digital era, with rising 

transaction volumes and the proliferation of online banking creating fertile ground for 

sophisticated fraudulent activities. Traditional detection systems, often rule-based, struggle to 

cope with the dynamic and complex nature of modern fraud patterns, resulting in high false 

positives and missed anomalies. Big Data Analytics, when coupled with Machine Learning 

(ML) and Artificial Intelligence (AI), offers promising avenues for scalable and real-time fraud 

detection. This review paper provides a comprehensive analysis of hybrid big data analytics 

models applied to financial fraud detection. It categorizes the prevalent types of financial fraud, 

examines the limitations of conventional techniques, and explores the integration of big data 

technologies such as Apache Spark, Hadoop, Kafka, and NoSQL databases with ML and deep 

learning algorithms. Particular attention is given to hybrid models that combine ensemble 

methods, deep learning, fuzzy logic, and streaming analytics to enhance detection accuracy, 

adaptability, and performance. The paper also presents a comparative overview of recent 

studies, highlights critical challenges like data imbalance and concept drift, and identifies 

emerging trends such as explainable AI and federated learning. By synthesizing insights from 

2015–2024, this review outlines the current state, research gaps, and future directions in the 

development of robust and intelligent fraud detection systems for the financial sector. 

Keywords: Big Data Analytics, Financial Fraud Detection, Hybrid Models, Machine Learning, 

and Deep Learning. 

1. Introduction 

The quick digitalization of the financial sector has drastically enhanced the volume, velocity, 

and variety of transactional data but has also paralleled a corresponding surge in complex 

financial fraud schemes. Credit card fraud, identity theft, cyber fraud, and money laundering 

have surfaced as significant risks to international financial security, where intelligent fraud 

detection systems are required to monitor in real-time and take decisions ([1], [2], [5]). 

Conventional rule-based and signature-based fraud detection systems have failed to detect new 

and emerging fraud strategies owing to their restricted adaptability and scalability ([3], [7]). 

To address these limitations, the financial industry has increasingly turned to machine learning 

(ML) and artificial intelligence (AI) to build predictive models capable of detecting anomalies 
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in transactional behavior. Supervised and unsupervised ML algorithms like Random Forest, 

Support Vector Machines (SVM), Isolation Forest, and XGBoost have proved very effective 

in classifying and predicting fraudulent transactions with high precision ([16], [18], [20], [23]). 

Deep learning models, specifically Long Short-Term Memory (LSTM) networks and 

Convolutional Neural Networks (CNNs), have proven a better capability to capture temporal 

and spatial patterns in transaction data ([15], [24], [29]). 

However, standalone ML/DL models often face challenges such as class imbalance, concept 

drift, and low interpretability. As a result, hybrid models are suggested in recent studies to 

integrate multiple algorithms or big data technologies for improved detection performance. 

These cover architectures that integrate deep neural networks with ensemble techniques, 

attention models, and fuzzy logic systems ([3], [22], [27]). Further, large data platforms like 

Apache Spark, Hadoop, and NoSQL databases facilitate scalable and real-time fraud analytics 

by supporting the intake, storage, and processing of high-volume transaction streams ([8], [10], 

[11]). 

This review paper aims to provide a comprehensive and thematic synthesis of the recent 

literature (2015–2024) on hybrid and big data-enabled approaches to fraud detection in 

financial transactions. It categorizes the studies based on types of fraud, technical challenges, 

algorithmic models (supervised, unsupervised, deep learning), and hybrid architectures, while 

also examining the role of big data tools in enhancing system performance. The objective is to 

identify prevailing trends, technical gaps, and future research directions for designing 

intelligent, scalable, and privacy-aware fraud detection systems. 

2. Methodology for Literature Review 

The methodology for this literature review was designed to ensure a rigorous, systematic, and 

replicable selection and analysis of relevant scholarly sources. The goal was to provide a 

comprehensive overview of the state-of-the-art in financial fraud detection, with a focus on 

hybrid machine learning models, big data analytics, and their practical implications in real-

world financial systems. The overall review process, illustrated in Figure 1, follows the 

PRISMA framework and includes the stages of identification, screening, eligibility evaluation, 

and final selection for inclusion. 

2.1 Research Questions 

To guide the review process, the following core research questions (RQs) were formulated: 

➢ RQ1: What are the prevalent types of financial fraud and the associated challenges in 

detection? 

➢ RQ2: How are big data technologies such as Hadoop, Spark, Kafka, and NoSQL 

databases being used in fraud detection systems? 

➢ RQ3: What machine learning, deep learning, and hybrid models have been proposed 

for fraud detection? 
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➢ RQ4: What gaps exist in current research, and what are the future directions for 

scalable, real-time, and privacy-compliant fraud detection systems? 
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Figure 1: PRISMA flow diagram 

2.2 Data Sources and Search Strategy 

In order to provide a complete and current examination of the literature on fraud detection 

through machine learning and artificial intelligence, a systematic search was performed across 

various professional and academic databases. The primary sources included IEEE Xplore, 

SpringerLink, ScienceDirect (Elsevier), ACM Digital Library, Scopus, Web of Science, and 

Google Scholar. Additionally, preprint servers such as ArXiv and ScienceOpen were consulted 

to incorporate cutting-edge research that has not yet been formally published. The review 

encompassed peer-reviewed journal articles, conference proceedings, technical reports, and 

authoritative white papers published over the past decade (2015–2024), with an emphasis on 

studies released from 2021 onwards, reflecting the latest advancements in hybrid modeling, 

real-time analytics, and big data integration within financial fraud detection systems. 

2.3 Search Keywords and Boolean Operators 

In order to achieve maximum relevance and scope of literature, targeted keywords coupled 

with Boolean search operators were used in the course of searching. This allowed for the 

identification of interdisciplinary literature cutting across computer science, data engineering, 

and financial technology. Example search terms were combinations like "credit card fraud 

detection" AND "machine learning," "financial fraud" AND ("big data" OR "Apache Spark" 

OR "Kafka"), and "hybrid model" AND "fraud detection." Additional searches were "real-

time fraud detection" AND ("deep learning" OR "streaming analytics"), and "anti-money 

laundering" AND ("AI" OR "graph analytics"). These questions allowed for the identification 

of highly relevant studies that examined a wide range of fraud detection methods, making it 

possible to carry out an analysis in multiple dimensions in this review. 

2.4 Inclusion and Exclusion Criteria 

Specific inclusion and exclusion criteria were used to ensure that the included studies were 

relevant and address the purposes of this review. Research between 2015 and 2024, published 

in English language, and specifically concentrating on financial fraud detection such as credit 

card fraud, anti-money laundering (AML), and cyber fraud were considered. Preference was 

for studies that hypothesized or compared machine learning, deep learning, or hybrid models, 

and studies that implemented big data technologies such as Spark, Hadoop, or NoSQL 

databases. On the other hand, research on fraud in non-financial areas (e.g., insurance, health 

care, academic dishonesty) was not considered. Editorials, news articles, or opinion articles 

that lacked technical richness were not included. Also, duplicate publications with minimal 

additions over previous work were excluded to ensure the novelty and relevance of the dataset. 

2.5 Screening and Selection Process 

The screening and selection process adhered to the PRISMA framework for ensuring 

methodological transparency. The initial collection of more than 150 research articles was 
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obtained using structured keyword searches on various databases. In the screening phase, titles 

and abstracts were checked for removing irrelevant, duplicate, and off-topic articles. At the 

eligibility phase, the full texts of 70 short-listed articles were scrutinized against the pre-

established inclusion criteria. A final list of 35 high-quality studies was shortlisted for 

thorough analysis and citation in this review based on this assessment. Reference management 

tools like Zotero and Mendeley were employed to manage citations and eliminate duplication. 

2.6 Thematic Analysis and Categorization 

After finalizing the study set, the selected papers were analyzed using qualitative content 

analysis to identify recurring themes and technical patterns. The papers were categorized into 

six major thematic areas: (1) Types and challenges of fraud detection, including card-not-

present (CNP) fraud, identity theft, and AML; (2) Big data tools and infrastructure, such as 

Hadoop, Spark, Kafka, and NoSQL; (3) Machine learning models including supervised and 

unsupervised techniques; (4) Deep learning and hybrid architectures involving LSTM, GANs, 

and attention-based models; (5) Evaluation metrics like accuracy, recall, F1-score, and 

detection latency; and (6) Practical deployment challenges such as scalability, concept drift, 

and privacy issues. This thematic breakdown enabled a structured synthesis of findings, 

helping to pinpoint key trends, innovative architectures, and persistent gaps in the field of 

financial fraud detection. 

2.7 Quality Assessment 

For purposes of establishing the credibility and applicability of included studies, a quality 

assessment was conducted on the basis of a number of criteria. Each paper was assessed for 

soundness of method, more specifically the model design clarity, use of datasets, and selection 

of evaluation metrics. The applicability of the study to financial fraud scenarios was a 

paramount selection criterion. In addition, the originality and value added by each publication 

were considered, with focus on the introduction of new hybrid approaches, algorithms, or real-

world implementation strategies. Lastly, peer acknowledgment, as indicated by citations and 

publication in prominent journals or conferences, was also taken into account. Only those 

papers that passed a minimum level of quality in all these aspects were kept for this review. 

3. Types of Fraud and Detection Challenges 

With the exponential rise of online and mobile transactions in today's digitally-enabled 

financial environment, fraudulent activities have become more evolved and diversified. 

Detection of these frauds is no longer confined to rule-based techniques but demands adaptive, 

real-time, and data-heavy solutions. This section discusses the key categories of financial fraud 

and corresponding detection challenges and identifies the fundamental technological and 

analytical obstacles in devising effective detection mechanisms. 

3.1 Credit Card Fraud: Credit card fraud is the most widely researched and common type of 

financial fraud. Credit or debit card fraud entails the unauthorized use of a credit or debit card 

to obtain cash or make purchases. Popular methods include card-not-present (CNP) fraud, 
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skimming, phishing, and data breaches. As e-commerce and online banking services increase, 

the attack surface continues to rise ([1], [4]). One of the main challenges for the detection of 

credit card fraud is the vastly disproportionate class distribution fraudulent transactions 

represent fewer than 1% of transaction volume ([3], [18]). This results in skewed model 

performance, with numerous machine learning algorithms being biased toward the majority 

(normal) class. In addition, real-time detection is required; fraud detection systems have to 

examine transaction characteristics and make a decision in milliseconds, putting a significant 

computational load on model design as well as system architecture ([12], [31]). 

3.2 Identity Theft: Identity theft is the result of unauthorized access by an attacker to another 

person's financial or personal information like banking details, social security numbers, or 

login credentials and abusing it for impersonation purposes for financial gain. This type of 

fraud usually facilitates account takeovers, synthetic identities, and unauthorized access to 

credit lines ([2], [6], [35]). One of the fundamental difficulties in detecting identity theft is the 

elapsed time before discovering the fraud, usually days or weeks before it becomes evident to 

the victim or institution. Additionally, phishing and social engineering attacks employed to 

harvest sensitive information are usually understated and not easily identified by traditional 

rule-based systems, calling for sophisticated behavioral analytics and anomaly detection 

processes. 

3.3 Money Laundering: Money laundering is the concealing of the true origin of money 

acquired illegally in order to make it appear legitimate. It normally proceeds through three 

stages: placement (introducing illegal money into the system), layering (covering the trail of 

the transaction with multiple, complex movements), and integration (returning the money to 

the legitimate economy) ([5], [7]). Detection of money laundering is extremely difficult 

because transactions are often multi-step, cross-border, and asynchronous. Legacy systems 

tend to fail in identifying such fine-grained patterns, particularly in the case of dispersed data 

across institutions. The absence of labeled datasets, regulatory limitations, and longitudinal 

analysis requirements make the use of supervised machine learning challenging. 

3.4 Insider Fraud: Insider fraud is committed by insiders or individuals with authorized 

access to internal systems, unlike external fraud. This encompasses the manipulation of 

financial statements, fund transfers without authorization, and collusion with outsiders. The 

insiders usually take advantage of their trust position within the organization in order to 

circumvent traditional security controls ([2], [20]). Insider fraud detection needs constant 

monitoring of the behavior of employees, including logs of access, system interactions, and 

patterns of transactions. It presents ethical questions regarding employee privacy and 

surveillance policy. Further, the differentiation between normal business and criminal intent 

is a significant obstacle since scammers can easily impersonate normal procedures. 

3.5 Cyber Fraud: Cyber fraud involves attacks that exploit technological weakness with the 

aim of plundering information or crippling payment systems. Vectors commonly involve 

phishing attacks, ransomware, malware injections, and spoofed websites built for capturing 

user credentials. These deceptions can be carried out at mass scales and are frequently 

supported by sophisticated persistent threats (APTs) ([8], [11], [23]). One of the fundamental 
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difficulties in cyber fraud detection is the large volume and fast speed of data created on 

networks, endpoints, and user activity. Furthermore, cyberattacks frequently employ 

polymorphic and silent procedures, which make it challenging to identify them through static 

signatures or rule-based filters. Therefore, detection systems have to integrate real-time threat 

intelligence, network traffic analysis, and user behavior analytics. 

3.6 Cross-Cutting Challenges across Fraud Types 

In spite of the difference in fraud mechanisms, there are some challenges that exist across all 

types of financial fraud detection. One of the key issues is the asymmetry between fraudulent 

and authentic transactions, where legitimate records outnumber fraudulent records by a huge 

margin. This disequilibrium tends to generate high false positive rates, which can infuriate 

users and break trust in fraud detection systems ([3], [16]). Another fundamental challenge is 

the requirement for real-time detection. Banking and financial institutions need to process and 

evaluate transactions in milliseconds in order not to stop services, but to sustain speed and 

accuracy in this environment is a major technical challenge ([12], [14]). Beyond that, fraud 

methods are constantly changing. Static models that are learned from past data can easily 

become obsolete, thus being less valuable as trends in patterns change with time. This dynamic 

behavior of fraud, also referred to as concept drift, requires regular retraining of models and 

the incorporation of adaptive learning strategies ([2], [26]). Data privacy laws and compliance 

requirements like GDPR and FATF also create restrictions on the usage and sharing of 

transactional data. These constraints impair collaborative detection methods and diminish the 

availability of tagged sets important to model training and assessment ([5], [6], [7]). 

4. Big Data Techniques in Fraud Detection 

Financial fraud detection involves processing and analyzing huge amounts of structured and 

unstructured transactional data in real time. Conventional data processing solutions prove to 

be unsuitable to tackle the velocity, volume, and variety of financial information, particularly 

in digital banking environments. To meet this, big data technologies came forward as key 

facilitators of fraud detection systems, providing scalable, distributed and low-latency data 

streams. Three key pillars of big data architecture for fraud analytics are summarized in this 

section: parallel processing platforms (Hadoop and Spark), elastic storage systems (NoSQL 

databases), and real-time stream processing platforms (Kafka and Flink). 

4.1 Parallel Processing with Hadoop and Spark 

Apache Hadoop has played a crucial role in transforming the handling of large amounts of 

data through its Hadoop Distributed File System (HDFS) and MapReduce programming 

paradigm. It is highly suited to batch-mode fraud analysis where historical data is analyzed to 

identify trends and provide insights. Nevertheless, because it is batch-oriented by nature, 

Hadoop is less efficient for real-time fraud detection use cases that demand low-latency 

outputs. In order to counter these shortcomings, Apache Spark was invented as an in-memory 

distributed processing framework that enables near real-time data processing. Spark provides 

less latency than Hadoop by keeping middle computation results within memory, which 
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considerably accelerates operations such as machine learning model training, iterative 

programs, and real-time analytics. Carcillo et al. [8] showcased the utility of Spark in the 

SCARFF (Scalable Credit Card Fraud Detection Framework), which analyzes streaming 

transaction data and generates real-time fraud alerts. In addition, Spark's MLlib library 

facilitates the deployment of ensemble and hybrid models, and hence it is a good option for 

scalable and adaptive fraud detection systems ([9], [12]). The capability to combine Spark with 

batch and streaming data pipelines increases its applicability for diverse fraud detection 

applications. 

4.2 NoSQL Databases for Flexible Data Storage 

The complexity and volume of data involved in fraud detection ranging from transaction logs 

and user behavior metadata to social signals necessitate highly scalable and flexible data 

storage solutions. Traditional relational databases (RDBMS) often fall short in handling such 

diverse and high-throughput environments. NoSQL databases such as MongoDB and Apache 

Cassandra provide schema-less structure, distributed system architecture, and high 

availability, making them suitable for fraud detection use cases. MongoDB, a document-

oriented NoSQL platform, provides fast real-time ingestion and querying of semi-structured 

data, facilitating analytics over distributed systems. Arjunan [10] identified MongoDB's 

capacity to correlate transactional and behavioral data in the fraud detection pipelines. 

Correspondingly, Cassandra, which features a wide-column data model, offers fault tolerance 

and high throughput, ideal for mission-critical uses requiring 24/7 uptime. These NoSQL 

databases also find it easy to integrate with Apache Spark and Kafka, thus enabling end-to-

end fraud detection pipelines starting from data ingestion through model training to alert 

generation. 

4.3 Streaming Analytics with Apache Kafka and Flink 

Financial fraud takes milliseconds to manifest itself, and thus real-time analytics is a critical 

part of today's fraud detection infrastructure. Apache Kafka and Apache Flink are two 

dominant platforms in this area. Kafka is used as a distributed event streaming platform that 

ingest large amounts of transactional data from multiple endpoints, such as ATMs, online 

banking systems, and mobile apps. Kafka provides trusted, high-throughput, and low-latency 

data transfer as the foundation for real-time fraud analytics. Apache Flink supports Kafka by 

offering enhanced stream processing features like event-time processing, stateful computation, 

and complex event detection. Flink works best at detecting time-sensitive fraud patterns like 

burst transactions, geolocation anomalies, or abnormal behavior sequences. Immadisetty [11] 

showed the use of Flink in a bank to identify fraud in real-time stream data, which allows for 

instantaneous response to threats. Mohanty et al. [13] went on to highlight the importance of 

merging stream and batch processing to design systems that are responsive in real time yet 

conversant with history. Together, Kafka and Flink offer a reactive, scalable, and intelligent 

analytics pipeline that is critical to proactive and real-time fraud detection. 

5. Machine Learning and AI in Fraud Detection 
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ML and AI have transformed fraud detection by bringing in sophisticated systems that are 

capable of adapting to quickly evolving fraud patterns, learning from big datasets, and 

processing near real-time. Unlike conventional rule-based systems based on pre-defined if-

then rules and with minimal flexibility, ML and AI models are able to learn from patterns of 

data and adapt to emerging fraud trends. This section discusses four broad subdomains of AI 

in detecting fraud: supervised learning, unsupervised learning, deep learning models, and 

hybrid/emerging approaches. 

5.1 Supervised Learning 

Supervised learning is the most widely used methodology in financial fraud detection, 

particularly in situations where past data is properly labeled. Random Forest (RF), Logistic 

Regression (LR), Support Vector Machines (SVM), and XGBoost are widely applied to label 

transactions as fraudulent or genuine. Random Forest is valued for its robustness to noisy 

features and excellent performance in high-dimensional data scenarios ([16], [18]). Logistic 

Regression, while a quite straightforward model, offers interpretability and fast computation, 

making it suitable for early baselines. XGBoost stands out for its gradient boosting framework, 

which efficiently handles class imbalance a key issue in fraud detection while optimizing loss 

functions to improve accuracy ([20]). However, the performance of supervised models is 

heavily dependent on the availability of comprehensive, high-quality labeled datasets. 

Moreover, these models tend to underperform when encountering new or evolving fraud 

tactics, suffering from concept drift, a phenomenon where fraud patterns shift over time ([18], 

[20], [31]). 

5.2 Unsupervised Learning 

In situations where labeled data is scarce or unavailable especially common in fraud detection 

due to the rarity and concealment of fraudulent behavior unsupervised learning techniques 

become essential. Isolation Forest (IF), K-Means clustering, and Autoencoders are widely 

applied in anomaly detection systems. Isolation Forest is favored for its ability to isolate 

anomalies based on a tree structure that partitions data; its effectiveness in real-time streaming 

systems makes it highly applicable in large-scale financial applications ([9], [23]). K-Means 

clustering groups similar transaction patterns, allowing for outlier identification by deviation 

from group centroids. Autoencoders, on the other hand, are deep neural networks trained to 

reconstruct input data. Significant reconstruction errors often indicate anomalous or suspicious 

behavior ([23]). While unsupervised models offer the benefit of not requiring labeled datasets 

and are more adaptive to unknown fraud types, they can suffer from higher false positives and 

are sensitive to the quality of feature selection and engineering ([9], [23]). 

5.3 Deep Learning Models 

Deep Learning (DL) methods have gained increasing attention in fraud detection for their 

capacity to capture complex, nonlinear relationships in high-dimensional datasets. Long Short-

Term Memory (LSTM) networks are particularly useful in modeling sequential transaction 

data, capturing long-term dependencies in user behavior. These networks are often embedded 
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in hybrid frameworks, combining them with conventional classifiers or attention mechanisms 

to enhance performance ([15], [24]). Convolutional Neural Networks (CNNs), though initially 

designed for image recognition, have been adapted to process transactional data represented 

as time-series matrices or correlation grids, effectively identifying local fraud-related features 

([29]). Transformer-based models, characterized by their self-attention capabilities and 

superior handling of long-range dependencies, have also been explored. Yu et al. [14] 

demonstrated the advantages of using Transformers over RNN-based models in large-scale 

financial transaction data, achieving better scalability and accuracy under noisy conditions. 

Despite their power, deep learning models require large amounts of labeled training data and 

high computational resources. Additionally, their “black-box” nature makes interpretability a 

challenge, raising concerns for real-world deployments in regulated financial environments 

([14], [29]). 

5.4 Other Approaches and Hybrid Techniques 

Beyond traditional ML and DL, innovative hybrid and complementary approaches have been 

introduced to address specific limitations and improve detection robustness. Generative 

Adversarial Networks (GANs) are increasingly used to generate synthetic fraud samples, 

aiding in mitigating class imbalance in training datasets. Mienye and Swart [23] utilized GANs 

to enrich training datasets, thereby enhancing model sensitivity to rare fraudulent instances. 

Fuzzy logic systems offer soft decision-making capabilities under uncertainty, providing 

interpretability and adaptability. Charizanos et al. [22] designed a fuzzy logic online fraud 

detection system integrated with logistic regression, improving transparency as well as 

responsiveness to risk levels that are dynamic. Attention mechanisms, usually built on top of 

LSTM or Transformer models, assist models in focusing on relevant transaction features or 

steps in time. Benchaji et al. [3] incorporated attention layers into their LSTM model, which 

greatly enhanced classification performance and decreased false alarms. These newer 

methods, particularly when used in combination in hybrid models, balance accuracy, 

explainability, and flexibility and are becoming ever more popular in next-generation fraud 

detection solutions ([3], [22], [23]). 

6. Hybrid Models in Fraud Detection 

Hybrid models have emerged at the forefront in the domain of fraud detection in finance 

because they offer a multi-faceted solution to overcome the most critical issues, including class 

imbalance, dynamic nature of fraud patterns, and high-precision, real-time predictions. Hybrid 

models combine multiple machine learning (ML), deep learning (DL), and data pre-processing 

methods to develop high-performance and adaptive detection pipelines. Increasing evidence 

validates that ensemble-based hybrid architectures consistently outperform single, isolated 

models by exploiting ensemble learning techniques, sophisticated feature engineering, data 

resampling techniques, and stacked decision architecture. Such cooperation enables hybrid 

models to provide better performance, fewer false positives, and higher generalizability in 

dynamic fraud settings. 

6.1 Ensemble-Based Hybrid Architectures 
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Ensemble-based hybrid models integrate several base learners usually of varying types by 

stacking, bagging, or soft/hard voting strategy to improve predictive performance and 

resilience. Malik et al. (2022) developed a stacked ensemble model integrating Random 

Forest, XGBoost, and Logistic Regression, achieving considerable improvements in 

classification accuracy and F1 measure over any single classifier ([20]). In the same vein, Mim 

et al. (2024) came up with a soft voting ensemble of Logistic Regression, Decision Tree, and 

K-Nearest Neighbors that achieved a high precision value of 0.94 on benchmark credit card 

datasets ([28]). Talukder et al. (2024) proceeded to further this idea with the Integrated 

Multistage Ensemble Machine Learning (IMEML) model that integrated base classifiers in 

layered bagging and stacking configurations for enhanced scalability and detection reliability 

([27]). These ensemble models take advantage of classifier diversity, decreasing the variance 

and enhancing the generalization power across multiple fraud situations. 

6.2 Hybrid Deep Learning Models 

To address sequential patterns and class imbalance more effectively, researchers have 

combined deep learning architectures like LSTM, CNN, and Transformer with conventional 

ML techniques or synthetic oversampling methodologies. Mienye and Swart (2024) presented 

a hybrid architecture integrating Generative Adversarial Networks (GANs) and LSTM. The 

GAN part created realistic fake examples to oversample the minority class to balance the data, 

which were subsequently fed through an LSTM to learn temporal relationships and reached an 

accuracy of 97.3% ([23]). Zhu et al. (2024) introduced a hybrid method by pairing a neural 

network with SMOTE (Synthetic Minority Oversampling Technique), which boosted recall 

for the minority (fraud) class considerably ([21]). Parallel, Khan and Ullah (2024) combined 

GRU and LSTM with SMOTE-Tomek resampling, effectively mitigating overfitting and 

enhancing detection on sequential financial datasets ([24]). Hybrid DL models are particularly 

potent for the discovery of subtle behavioral anomalies in transaction streams with imbalanced 

and noisy real-world data being addressed. 

6.3 Feature Engineering and Fuzzy Logic Integration 

Some hybrid models emphasize preprocessing and interpretability by combining intelligent 

feature engineering with fuzzy logic systems. Charizanos et al. (2024) presented an innovative 

framework that employed fuzzy rule-based logic atop logistic regression to introduce adaptive 

scoring thresholds and uncertainty management in online fraud detection. This system 

enhanced interpretability and was particularly useful for handling ambiguous or borderline 

transaction patterns ([22]). Maithili et al. (2024) implemented a genetic algorithm for optimal 

feature selection, followed by training with an XGBoost model, achieving notable gains in 

precision and F1 scores across diverse fraud datasets ([16]). These strategies are well-suited 

for use cases requiring transparent model outputs, such as regulatory compliance and internal 

auditing processes, where interpretability is as critical as accuracy. 

6.4 Boosting and Decision Tree Integration 
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Boosting methods, especially gradient boosting, have been successfully integrated with 

explainable models such as decision trees and deep feature extraction layers to create scalable 

and efficient hybrid models. Xu et al. (2023) introduced Deep Boosting Decision Trees 

(DBDT), blending the structured interpretability of decision trees with the capability of neural 

networks and boosting processes. Their model had a 96.1% accuracy rate on large proprietary 

banking data, its amenability to real-time use ([26]). Liu et al. (2024) proposed a CNN-SVM-

LightGBM hybrid model in another paper. This framework combined convolutional feature 

extraction, support vector margin optimization, and the gradient boosting decision process to 

obtain a whopping accuracy of 98.2% in imbalanced fraud datasets ([29]). These models 

provide a balanced solution for financial institutions, with predictive capability and 

transparency as well as deployment readiness for high-throughput transaction environments. 

Table 1: Summary of Recent Hybrid Models for Financial Fraud Detection 

Authors & Year Hybrid 

Components 

Performance 

Metrics 

Highlights 

Malik et al. (2022) RF + XGBoost + 

Logistic Regression 

Accuracy: 96.4% Handles imbalance; 

ensemble boosts 

precision 

Zhu et al. (2024) Neural Network + 

SMOTE 

AUC: 0.95 Improves recall for 

minority class 

Charizanos et al. 

(2024) 

Fuzzy Logic + 

Logistic Regression 

F1: 0.87 Real-time risk 

scoring with 

uncertainty handling 

Mienye & Swart 

(2024) 

GAN + LSTM Accuracy: 97.3% Generates rare 

samples and models 

sequences 

effectively 

Khan & Ullah 

(2024) 

GRU + LSTM + 

SMOTE-Tomek 

Recall: 0.93 Balanced training 

with deep temporal 

learning 

Talukder et al. 

(2024) 

IMEML (Stacking, 

Bagging, Voting) 

F1: 0.91 Multistage 

architecture for 

robustness and 

scalability 
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Mim et al. (2024) Logistic Regression 

+ DT + KNN 

(Voting) 

Precision: 0.94 Simple yet effective; 

optimized thresholds 

Xu et al. (2023) Deep Boosting 

Decision Trees 

Accuracy: 96.1% Neural-enhanced 

GBDT with 

interpretability 

Liu et al. (2024) CNN + SVM + 

LightGBM 

Accuracy: 98.2% Combines feature 

learning and 

decision boosting 

 

Hybrid models are a comprehensive method of fraud detection that brings together various 

algorithms, sampling methods, and feature engineering techniques to address the shortcomings 

of individual model outputs. Their ability to adapt to imbalanced data, temporal behavior, and 

streaming environments positions them well for real-world deployment. As financial fraud 

continues to evolve and becomes more complex, hybrid models particularly those involving 

the use of explainability, adversarial robustness, and real-time analytics will be at the forefront 

of creating future-proof fraud detection systems. 

7. Discussion and Critical Analysis 

The environment of financial fraud detection has changed significantly with the incorporation 

of big data analytics and sophisticated ML methods. The literature considered in this review 

discusses how conventional rule-based systems are increasingly being replaced or 

supplemented by data-oriented, adaptive models. Although these developments provide 

enormous boosts to detection precision, scalability, and real-time processing capacities, 

various technical and operational issues remain. This section provides a critical analysis of 

trends, limitations, and actionable implications arising from the studies reviewed. 

7.1 Effectiveness of Hybrid Approaches 

Hybrid models, especially those that integrate ensemble methods with deep learning 

structures, prove to be consistently superior in terms of performance metrics significantly 

precision, recall, and F1-score compared to individual models. This excellence is due to the 

synergistic combination of different paradigms of learning, which enables the system to detect 

nonlinear fraud patterns, process sequential transaction information, and counter class 

imbalance by means of data enhancement (e.g., SMOTE, GANs). Yet, the growing complexity 

of compound architectures is a concern regarding computational efficiency and deployment 

scalability. Concepts that require several deep learning layers, ensemble voting process, and 

real-time streaming analytics can require high computational resources and thus are not 

suitable for small- to mid-sized financial institutions with limited infrastructure ([20], [21], 

[25]). 
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7.2 Class Imbalance and Model Interpretability 

Class imbalance is still a serious bottleneck. Many studies address this issue through 

oversampling, synthetic data generation, or cost-sensitive learning. While these methods 

improve recall for the minority class (i.e., fraudulent transactions), they often do so at the cost 

of increased false positives, which can lead to unnecessary transaction blocks and customer 

dissatisfaction ([17], [23], [24]). Moreover, the lack of interpretability in complex deep 

learning-based hybrid systems, especially those employing transformers, GANs, or neural 

decision trees, limits their adoption in high-stakes financial sectors that require auditable and 

explainable decisions. Fuzzy logic and decision trees partially address this gap, but their 

scalability is limited compared to neural architectures ([22], [26], [28]). 

7.3 Real-Time Detection and Concept Drift 

The demand for real-time fraud detection is growing with the proliferation of mobile payments 

and instant transactions. Big data platforms like Apache Kafka, Spark Streaming, and Flink 

have enabled low-latency fraud detection, yet model latency and drift remain concerns. Real-

time systems must not only be fast but also resilient to concept drift the phenomenon where 

fraud patterns evolve over time due to adversarial learning and changing user behavior. 

Although a few studies have proposed adaptive models or online learning mechanisms ([8], 

[19], [30]), the majority of current systems are static or batch-trained, which may cause 

degradation in accuracy over time. This indicates a gap in the literature and a critical future 

research direction developing hybrid models that can self-update or be retrained incrementally 

in streaming environments. 

7.4 Integration with Regulatory and Privacy Frameworks 

Another layer of complexity arises from the regulatory and ethical constraints surrounding 

data privacy, particularly in anti-money laundering (AML) and Know Your Customer (KYC) 

frameworks. Many effective detection techniques especially those requiring labeled data or 

behavioral profiling conflict with data minimization principles under regulations like GDPR 

and India’s DPDP Act. This tension necessitates the development of privacy-preserving ML 

models, such as federated learning or differential privacy-based hybrid systems, which are 

currently underexplored in the fraud detection domain ([5], [6],[32], [7]). 

7.5 Gaps in Real-World Implementation 

Even with promising outcomes in academic research, an enormous disconnect exists between 

research prototypes and practical deployment. The majority of models are evaluated against 

historical or synthetically balanced datasets (e.g., Kaggle Credit Card dataset), which capture 

neither the volatility, skew, and noise that permeates actual live transaction data. In addition, 

integration with existing banking systems, latency requirements, and regulatory compliance 

concerns are hardly touched upon in published research. Closing this gap necessitates 

collaboration on an interdisciplinary basis amongst data scientists, financial institutions, and 

compliance professionals. 
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Table 2: Comparative Summary of Strengths and Challenges Across Key Dimensions in 

Fraud Detection Systems 

Dimension Strengths Challenges 

Model Performance High accuracy, especially 

with hybrid DL+ML 

models 

Trade-off with latency, 

interpretability, and 

resource intensity 

Class Imbalance Handling Effective use of SMOTE, 

GANs, and cost-sensitive 

learning 

False positives remain high; 

overfitting in oversampled 

datasets 

Real-Time Processing Enabled by Kafka, Spark, 

and Flink platforms 

Concept drift and online 

adaptation still 

underexplored 

Interpretability Fuzzy logic and decision 

trees improve model 

explainability 

Deep learning models lack 

transparency in decision-

making 

Practical Deployment Few real-world 

deployments; most models 

show academic promise 

only 

Dataset realism, legacy 

integration, and scalability 

issues remain unresolved 

Regulatory Alignment AML/KYC models benefit 

from graph learning and 

transaction link analysis 

GDPR and privacy rules 

hinder behavioral tracking 

and data labeling 

 

Overall, the domain of fraud detection has undergone substantial leaps with the advent of 

hybrid models, real-time big data analytics, and deep learning. Nevertheless, practical 

limitations such as model interpretability, data imbalance, real-time adaptability, and 

regulatory compliance remain to hold back broad deployment. Filling these gaps will 

necessitate next-generation fraud detection frameworks that are not only fast and accurate but 

also interpretable, privacy-compliant, and operationally scalable. 

8. Research Gaps and Future Directions 

While considerable advancements have been made in fraud detection through machine 

learning, big data analytics, and hybrid modeling techniques, the practical adoption and long-

term effectiveness of these models are still challenged by unresolved issues. This section 

identifies the key research gaps emerging from the literature and suggests promising future 

directions to guide upcoming investigations and implementations. 
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8.1 Research Gaps 

a) Real-Time Adaptability and Concept Drift: Most current fraud detection models are 

trained on static, historical datasets and do not account for concept drift, where fraud patterns 

evolve over time. While some streaming frameworks (e.g., SCARFF [8]) have attempted near 

real-time detection, very few studies incorporate online learning or self-adaptive mechanisms 

that can retrain models dynamically with incoming data [8][24]. 

b) Lack of Explainability in Deep Hybrid Models: Deep learning-based hybrid models, 

though accurate, often function as black boxes. Their lack of interpretability poses challenges 

in regulated domains like banking and insurance, where transparent decision-making is 

critical. Existing explainable AI (XAI) approaches are rarely integrated into fraud detection 

pipelines [3][22] [33]. 

c) Privacy and Data Governance Constraints: Most proposed models require extensive 

behavioral and transactional data. However, privacy regulations such as GDPR, CCPA, and 

India’s DPDP Act limit the extent to which such data can be used, especially for labeling and 

profiling. There is a lack of research on privacy-preserving fraud detection techniques such as 

federated learning, homomorphic encryption, or differential privacy in this domain 

[6][10][13]. 

d) Limited Evaluation on Real-World or Imbalanced Datasets: A majority of studies 

evaluate models on public datasets like the Kaggle credit card dataset, which, while useful, do 

not reflect real-world transaction dynamics, data volume, and fraud sparsity. Imbalanced 

datasets continue to pose a problem, often leading to high false positives or misclassification 

in production environments [21][24]. 

e) Scalability and Deployment Challenges: Despite technological maturity in distributed 

systems like Hadoop, Spark, and Kafka, very few hybrid ML models have been effectively 

deployed in production-scale financial systems. Research still lacks robust studies on model 

integration with legacy infrastructure, latency handling, and cost-effectiveness in large-scale 

deployments [26][29]. 

f) Fragmentation in Multi-Fraud Detection Systems:  Most studies target a single type of 

fraud (e.g., credit card fraud or money laundering). However, real-world financial fraud is 

multi-faceted and interlinked. There is a lack of unified frameworks that can detect various 

types of fraud (identity theft, transaction fraud, synthetic identity fraud, etc.) concurrently 

using shared intelligence [27] [34]. 

8.2 Future Research Directions: 

a) Development of Online and Continual Learning Systems: Future research should focus 

on designing online learning frameworks capable of updating model parameters incrementally. 

Reinforcement learning and meta-learning could also play a role in adapting to shifting fraud 

trends in real time [23]. 
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b) Integration of Explainable AI (XAI): Incorporating explainable AI into deep learning 

fraud detection models will enhance regulatory trust and auditability. Techniques such as 

SHAP, LIME, or attention visualizations should be integrated into hybrid architectures to 

interpret model predictions [3]. 

c) Privacy-Preserving Machine Learning: There is a strong need to develop privacy-aware 

fraud detection methods. Federated learning can allow collaborative model training without 

sharing raw data, while techniques like differential privacy can be used to anonymize user-

sensitive information [10][13]. 

d) Benchmarking on Real-World Datasets: Collaborations with financial institutions should 

be encouraged to enable access to anonymized real-world datasets, allowing researchers to test 

models under actual operating conditions. Developing standard benchmarks for fraud 

detection on imbalanced and noisy datasets is another priority [20][27]. 

e) Cross-Domain and Multi-Fraud Detection Systems: Researchers should explore cross-

domain fraud detection frameworks that combine multiple data sources (e.g., banking, e-

commerce, insurance) to detect multi-modal fraud. Graph neural networks and entity 

resolution techniques can be used to link different fraud types across domains [14]. 

f) Energy-Efficient and Lightweight Models: As many transactions now occur on mobile 

and edge devices, future systems should emphasize lightweight fraud detection models that 

consume minimal computational resources. Techniques like model pruning, quantization-

aware training, and transformer distillation should be explored [29]. 

g) Incorporating Human-in-the-Loop Systems: Fraud detection is not solely a 

computational task human expertise plays a vital role in verifying edge cases and updating 

rules. Hybrid models that support active learning and human-in-the-loop architectures can 

combine machine efficiency with domain knowledge [22]. 

Bridging the current research gaps requires a multi-disciplinary approach blending data 

science, cybersecurity, regulatory frameworks, and financial domain expertise. Future fraud 

detection systems must be not only accurate and scalable but also interpretable, compliant, and 

adaptive to real-world complexities. Addressing these challenges will enable the design of 

next-generation fraud prevention ecosystems that are robust, ethical, and resilient to ever-

evolving threats. 

9. Conclusion 

The increasing digitization of financial services has intensified the complexity and frequency 

of fraudulent activities, necessitating advanced, scalable, and adaptive detection mechanisms. 

This review examined the role of hybrid big data analytics models in fraud detection, 

highlighting their architectural components, algorithmic integrations, and infrastructure 

dependencies. Big data platforms such as Hadoop, Spark, Kafka, and NoSQL enable high-

speed processing of vast transaction data, while hybrid machine learning and AI models 

combining ensemble learning, deep neural networks, fuzzy logic, and transformers enhance 
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detection accuracy, reduce false positives, and adapt to evolving fraud patterns. Recent 

advancements, including the use of GANs for data synthesis and attention mechanisms for 

temporal modeling, have demonstrated promising results in real-time fraud prevention. 

However, challenges such as data privacy concerns, limited labeled datasets, deployment 

complexity, and ethical issues in surveillance persist. Future directions should focus on 

privacy-preserving AI (e.g., federated learning), explainable models to increase transparency, 

and edge-based analytics for real-time processing. A shift toward real-world benchmark 

testing and holistic evaluation frameworks is also needed. Overall, hybrid big data models 

represent a transformative approach in financial fraud detection, offering robust, intelligent 

solutions that support trust, resilience, and proactive risk management in digital finance. 
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