
Credit Risk Modelling and Fraud Detection: 

A comprehensive Review

Abstract—This paper covers the improvements made in both credit 

risk modeling and fraud detection as it moves from the classical 

use of statistics to advanced machine learning and deep learning. 

It makes clear that logistic regression and rule-based systems do 

not handle nonlinear patterns and unequal classes in financial data 

as well as needed. According to the paper, using both ensemble 

models and deep learning methods (for instance, LSTM networks) 

is highly useful for better prediction and quick fraud detection. We 

look closely at important challenges, such as understanding data 

models, keeping data confidential, and calculating costs. This 

study investigates new standards (Basel III, GDPR), questions of 

ethics connected to bias in algorithms, and the rising technologies 

of explainable AI (XAI) and blockchain. This review summarises 

results from 104 studies to provide suggestions for better risk 

management in finance and suggests additional topics for future 

research, such as adapting models across markets and using 

reinforcement learning. 

Index Terms—Credit risk modelling, Fraud detection, Machine 

learning, Deep learning, Class imbalance, Regulatory frameworks. 

I. INTRODUCTION

Financial institutions must establish both credit risk modeling 

and fraud detection systems to maintain public trust in modern 

interdependent economic operations. The inadequate risk 

management controls became a fundamental reason behind the 

2008 financial crisis leading to worldwide economic damage. 

All deficit-riddled countries faced year-long struggles to 

maintain actual values of their money following the economic 

collapse. Basically, a credit risk arises when debtors default on 

their contracts leading to financial fraud which results in $27 

billion in annual credit card fraud thus damaging the economic 

strength of financial systems. Grading behavior expanded 

dramatically when most transactions moved online resulting in 

a steep rise in fraudulent opportunities [11]. Various institutions 

now benefit from modern approaches like Random Forests and 

Long Short-Term Memory (LSTM) networks which have led to 

transformations in their fields [7]. The past usage of Logistic 

Regression statistical models proved effective in fraud 

detection and credit scoring until these linear models failed to 

process complex nonlinear relationships. This paper 

investigates the advancement of credit risk modeling and fraud 

detection technologies as well as the disruptive technologies 

which influenced these developments and the data-driven 

security integration strategies during the rise in financial data 

complexity. 

A. Research objectives

• Examine the evolution of methodologies in credit risk

modeling and fraud detection, analyzing the application and

synergies of advanced machine learning techniques.

• Investigate persistent challenges and the impact of emerging

technologies on these fields.

• Identify research gaps and propose future directions for

innovation.

II. LITERATURE REVIEW

A. Transition from Traditional to Machine Learning-Based

Credit Risk Assessment

Initially, credit scores were established depending mostly on 

statistical methods, including logistic regression and Bayesian 

techniques [10]. Although research over the last few years 

indicates that people are now turning to modern data analysis 

methods, for example, using Random Forests, Support Vector 

Machines (SVM), Gradient Boosting Machines (GBM), and 

networks that use deep learning architectures, which have 

performed better in their ability to showcase trends that don’t 

follow a straight pattern and are built into financial records [5]. 

For example, research was conducted with a full review of 

information from several German and Australian databases, 

where they explored how deep learning models helped. 

Significant improvement was found using Artificial Neural 

Networks (ANNs) in comparison to other methods like 

traditional models in terms of their accuracy. 
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C. Addressing Class Imbalance

Fraud detection is often made difficult due to huge differences

in the distribution of classes that reduce a model’s performance

in traditional classifiers. Methods like oversampling (for

example, Smooth Outlier and Minimum Redundancy and

Uniformity Estimator (SMOTE)) and undersampling have been

introduced to ensure that each class is represented roughly

equally. Although algorithms often create problems such as bias

in a model’s generalisability [29]. Gradient boosting algorithms

such as CatBoost and XGBoost are useful to overcome such

shortcomings that can automatically adjust to imbalances using

limited data experiments. Research has demonstrated that using

Bayesian optimization such as CatBoost has led to accuracy

levels reaching a maximum of 0.97, substantially higher than

the old models [20].

D. Deep Learning in Credit Risk and Fraud Detection

ANNs, RNNs, LSTM, and CNNs are examples of deep learning

models that have achieved great results when used to model

financial information in sequence and high dimensions [7].

These models accomplish complex task analysis, handle

dependencies over time, and increase accuracy in contrast to

standard machine learning solutions. For example, [7] noted

that AUC scores in credit risk predictions almost always went

above 0.90 when using deep learning methods on several

commonly used datasets.

E. Challenges and Future Directions

Despite these advancements, challenges such as model

interpretability, data privacy, and the need for real-time

processing persist [30]. Efforts to improve model transparency

through explainable AI techniques and the integration of hybrid

models combining rule-based and ML approaches are ongoing.

Additionally, the deployment of federated learning frameworks

offers promising avenues for preserving data privacy while

leveraging distributed datasets for model training [27].

III. METHODOLOGY

This section outlines the systematic approach adopted to 

conduct the comprehensive review of credit risk modeling and 

fraud detection methodologies 

Search Strategy

B. Inclusion and Exclusion Criteria

Studies were included if they: (1) focused on machine learning

or statistical methods for credit risk or fraud detection, (2)

provided empirical results, and (3) were published in English.

Excluded works included theoretical papers without

experimental validation and non-peer-reviewed articles. After

screening, 104 studies were selected for analysis.

C. Data Extraction and Synthesis

Data on algorithms (e.g., Random Forest, XGBoost),

performance metrics (e.g., accuracy, ROC-AUC), datasets (e.g.,

German Credit, CSMAR), and challenges (e.g., class

imbalance) were extracted. A comparative framework was

developed to categorize findings into credit risk modeling and

fraud detection domains.

D. Analytical Framework

The analysis evaluated: 

• Model Performance: Comparison of traditional vs. ML/deep

• Data Handling: Techniques for preprocessing, feature

engineering, and addressing class imbalance.

• Interpretability: Integration of Explainable AI (XAI) in high-

stakes financial decisions. This section describes the

methodological steps taken to perform a descriptive and

evaluative study pertaining to credit risk assessment and fraud

detection techniques. learning approaches.

E. XGboost Formulas

Through the use of objective function optimization within the

nucleus of its methodology, XGBoost uses a progressive

training approach. This design takes into account the outcomes

of former iterations in every stage of the optimization

procedure, thereby influencing subsequent results. The formula

shown in Eq. (1) is used to represent the t-th instance’s objective

function in the XGBoost framework:

where the constant term is typified by C, the loss component of 

the t-th iteration is denoted by l, and the model’s regularization 

parameter is represented by R. Eq. (2) contains a detailed 

explanation of the regularisation parameter: 
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These tools are widely used to help assess a 

company’s creditworthiness and its ability to identify 

fraud. Experts suggest that using an ensemble, i.e., the most 

effective method, is Gradient Boosting Decision Trees 

(GBDT). GBDT is always ahead of single classifiers, mainly 

for these reasons: they are free of overfitting and are able 

to describe how different features that influence one 

another help neural networks achieve success [24]. 

Likewise, using XGBoost and CatBoost models, together 

with hyperparameter tuning via Bayesian optimization, are 

important tools in basic programming and have 

demonstrated better results in terms of how well fraud 

detection works, particularly with data that isn’t evenly 

distributed [11]. 

A.   
A systematic literature review (SLR) was conducted following 

PRISMA guidelines [28]. Databases such as Scopus, IEEE 

Xplore, ScienceDirect, and Springer were searched for peer-

reviewed articles published between 2012 and 2024. Keywords 

included “credit risk modeling,” “fraud detection,” 

“machine learning,” “deep learning,” and “ensemble methods.” 

The initial search yielded 1,200 articles, which were filtered 

based on relevance. 
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Less complex tree topologies are typically generated by 

choosing greater values for the γ and λ parameters. 

The following formulas can be used to obtain the solution: 

where w j corresponds to the weights’ solution, and Fo denotes 

the loss function’s score 

IV. CREDIT RISK MODELLING: CONCEPTS AND

EVOLUTION 

The financial institutions that fall under the category of banks 

and investment firms need to prioritize managing credit risk 

effectively [11]. Credit risk imposes direct impacts on portfolio 

stability and profitability alongside regulatory compliance for 

companies like JPMorgan Chase banks and Citadel hedge 

funds. The success of JPMorgan Chase’s credit risk 

management in reducing annual non-performing loans by 15% 

can be found in its 2023 annual release demonstrating its 

importance for financial stability. Hierarchical data processing 

at Citadel enables analytics to determine counterparty risks in 

high-speed trading and generate secure performance results 

(Citadel, 2024). Credit risk modeling impacts institutions 

individually along with the wider financial market. The model 

helps organizations achieve compliance with Basel III 

standards because it requires banks to maintain reserves that 

surpass potential loss requirements [14]. Accurate models 

enable banks to create appropriate loan prices and achieve 

better financial inclusion of overlooked borrowers while 

reducing unstable economic conditions that we witnessed 

during the 2008 financial collapse [11]. 

A. Traditional Approaches to Credit Risk Modelling

Traditional methods of assessing credit risk heavily depended 

on statistical models together with standard credit scoring 

systems throughout history. 

• Statistical Models: The estimation of default probability (PD)

under Basel II and III depended historically on logistic

regression and linear discriminant analysis (LDA) 

Fig. 1. Accuracy Comparison of Credit Risk Models 

Fig. 2. US Credit Risk Focus & Innovation 

statistical models used by banks [23]. JPMorgan Chase 

implemented logistic regression during the early 2000s to 

create its internal credit scoring models which measured 

payment history and debt-to-income ratios (JPMorgan 

Chase, 2005). The models were accessible for regulatory 

examinations but their inability to handle complex data 

sets resulted in poor volatile market predictions [23]. 

• Credit Scoring System: FICO score among other credit

scoring systems serves banks across the nation since they

assess borrowers according to measured standards. The

financial institution Citadel uses FICO scores in its

assessment process for structured products at their credit

division through proprietary analytical tools to handle

specific market conditions (Citadel, 2024). Traditional

scoring methods struggle to adapt to current economic

changes because they have fixed inflexibility according to

Srinivasa Rao Adapa [25] in the face of real-time market

fluctuations. This makes traditional scoring ineffective for

banks operating in pandemic-level dynamic

environments.
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B. Modern Approaches

The field of credit risk modeling experienced a total revolution 

through machine learning since ensemble models and deep 

learning techniques delivered exceptional insights about 

complex financial behaviors. 

• Machine Learning Techniques: Machine Learning (ML) has

revolutionized credit risk modeling procedures for

organisations like JPMorgan Chase and Citadel throughout

their operations. Random Forest and Gradient Boosting

Decision Trees (GBDT) outperform single models because they

detect non-linear patterns in data. JPMorgan Chase employed

AI-driven models that integrated GBDT allowing the bank to

achieve better retail banking default predictions by 20% over

logistic regression systems [?]. The study by [3] demonstrates

that GBDT performs credit risk assessment with 90.5%

accuracy using transaction frequency and credit utilization as

key features.Fixincome portfolios assessed by Citadel through

Random Forest models analyze credit risk with integrated

market sentiment and macroeconomic indicator data as well as

alternative sources. The models from Citadel (2024) minimize

incorrect risk classification detections to provide exact capital

distribution. Large institutions largely benefit from ensemble

methods because these techniques excel at balancing

imbalanced datasets which is typical of the rare default

occurrences found in credit risk assessment. • Deep Learning

and Neural Networks: Neural Networks together with Deep

Learning models consist of Recurrent Neural Networks

(RNNs) and Long Short-Term Memory (LSTM) networks

which process sequential financial data with excellence. Real-

time fraud detection through JPMorgan Chase’s LSTM-based

models reaches 97.5% accuracy for detecting abnormal

transactions thus helping the company identify risky borrowers

at an early stage [18]. The models analyze temporal patterns to

identify payment behavior changes over time since dynamic

risk assessment requires such data. The financial risk analysis

of complex networks by Citadel depends on their

implementation of neural networks along with graphbased

models. The fundamental concept of these methods relies on

mapping entity connections such as borrowers and lenders to

market networks which leads to better multi-asset portfolio risk

assessment (Citadel, 2024). The requirements of deep learning

models include substantial data quality along with extensive

computational power thus creating barriers for small

institutions [18].

V. FRAUD DETECTION IN FINANCIAL SYSTEMS

Risk management depends on financial system fraud detection 

as an essential process which identifies fraudulent conduct that 

endangers both institutional trustworthiness and stability. The 

annual economic losses from credit card fraud amount to $27 

billion based on Nilson Report statistics from 2023 thus making 

detection systems a crucial necessity. 

A. Traditional Fraud Detection Methods

• Rule-based systems: In the past JPMorgan Chase and other

banks operated rule-based fraud detection systems which

triggered alerts when specified thresholds exceeded such as

when transactions exceeded $10,000 or the activity took place

beyond specified geographical areas. The simple system

lacked adaptability because fraudsters accomplished

bypasses through the utilization of microtransactions [11].

The early 2000s trade surveillance of Citadel relied on rule-

based checks until they discovered those methods did not

detect sophisticated market manipulation schemes.

• Anomaly Detection: The adoption of clustering together with

statistical outlier detection methods helped spot exceptional

patterns in the data. Clustering algorithms applied by

JPMorgan Chase to analyze transactions produced numerous

false positives that rendered the system inefficient most often

at above 90 % false detection rate levels [11]. The anomaly

detection system operated by Citadel for trading patterns had

to contend with similar issues because legitimate high-

frequency trades frequently received fraudulent

classifications leading to manual reviews (Citadel, 2024).

Fig. 3. Proportion of Fraud Types Detected by Banks 

B. Advanced Fraud Detection Techniques

Modern detection strategies within financial systems evolved 

from traditional methods through integrating advanced 

analytics which include machine learning (ML) and artificial 

intelligence (AI). 

• Supervised and Unsupervised Machine Learning: This has

transformed the way fraud detection systems work through

advanced machine learning (ML). XGBoost at JP Morgan

Chase detects credit card fraud with 99% ROC-AUC score by

analyzing transaction frequency and merchant type data [28].

The imbalanced dataset problem in fraud detection receives a

powerful solution through XGBoost because of its data

processing capabilities.
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Autoencoders run by Citadel operate without supervision 

to detect unknown patterns of fraud activity across trading 

data sets [17]. The technique allows for normal pattern 

detection in transactions through an autoencoder system while 

identifying irregularities that indicate potential fraudulent 

activity since this method serves to recognize new methods of 

scamming. 

• Graph based analysis:Through graph-based models 

transaction-related relationships become visible for detecting 

networked fraud cases including money laundering rings. The 

AI-powered systems developed by JPMorgan Chase with 

graph neural networks track money laundering activities to 

reduce corporate fraud costs during 2023 by 25 percent [?]. 

The use of GNNs by Citadel helps spot trading schemes 

through analysis of trader-toasset relations to find abnormal 

cluster patterns (Citadel, 2024). This type of model 

demonstrates superior ability to model intricate dependencies 

beyond typical available procedures. 

• Natural Language Processing (NLP): The detection of insider

threats through textual data depends on Natural Language

Processing techniques which use sentiment analysis and Term

Frequency-Inverse Document Frequency (TF-IDF) encoding.

JPMorgan Chase utilizes NLP algorithms to check employee

communications that detect deviations through negative

language expressions which signal potential fraud (according

to the Red Fox Optimization study). The financial platform

Citadel makes use of TF-IDF algorithms to review market

news alongside trader messages which help identify potential

insider trading activity (Citadel, 2024). The fraud prevention

methods boost results in preventing fraud from occurring

before it becomes a problem.

VI. INTERSECTION OF CREDIT RISK MODELLING

AND FRAUD DETECTION 

Financial risk management depends heavily on the convergence 

between credit risk modeling practices with fraud detection 

approaches. The assessment of borrower’s probability to 

default stands as the main function of credit risk modeling but 

fraud detection primarily addresses unauthorized deceptive 

financial activities. The combination of these separate fields 

benefits from their shared analytical approaches and 

implementation resources and detection methods which leads 

to better results. This section reveals the combined practices 

along with analytical instruments which align with application 

cases demonstrating the practical value from this merging 

domain. 

A. Shared Methodologies and Tools B. Synergies in

Application

• Enhanced Credit Models The incorporation of behavioral

biometrics into credit risk models provides organizations with

a fresh method of authentication which helps decrease the

danger of fraudulent defaults. User identity verification

Fig. 4. ROC Curve: XGBoost vs. Logistic Regression for Fraud Detection 

TABLE I 

APPLICATIONS OF MACHINE LEARNING TECHNOLOGIES IN FINANCIAL RISK 

MANAGEMENT 
Tool/Technology Application

in 

Credit Risk 

Application in 

Fraud Detection 

Random Forest Predicts default 

probability using 

borrower data 

Identifies 
anomalous 

transaction 

patterns 

GBDT (e.g., XG- 
Boost) 

Enhances 
accuracy in credit 

scoring models 

Detects complex 
fraud patterns in 
real-time 

Hadoop-SAS Enables real-time 

risk scoring for 

loan approvals 

Supports realtime 

fraud alerts and 

monitoring 

dynamics events while also watching mouse movements and 

touch screen events. Institutional implementation of these 

biometrics in credit applications and account management 

platforms allows legitimacy verification which decreases 

both identity theft risks and fraudulent default events. 

Throughout credit applications conducted online behavioral 

biometrics tracks abnormal user behavior which activates 

supplementary security checks. The monitoring 

technologies work continuously to detect suspicious account 

activity which represents account takeover attempts thus 

minimizing default risks. Behavioral biometrics achieve 

higher authentication precision while cutting down fraud 

expenses which strengthens credit risk systems [1]. 

• Integrated Risk Assessment Chinese corporate fraud

prevention using integrated risk assessment frameworks

includes transaction monitoring together with financial

leverage metrics to better identify deception. The debt-

toequity ratios and interest coverage ratios used for financial
occurs through passive behavioral methods which monitor 

unique behavioral patterns in keystroke 
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leverage help identify company health and potential 

financial distress that often links to fraudulent activity to 

hide underperformance [20]. Transaction monitoring 

evaluates financial activities to detect irregularities which 

include unusual movements of money between accounts that 

lead to payments made to unidentified recipients. The 

combined implementation of these approaches results in an 

institution obtaining complete risk visibility. The China 

Stock Market and Accounting Research (CSMAR) database 

enables identification of corporate fraud through financial 

metric analysis integration with transaction data. Through 

coordinated efforts regulators and companies can monitor 

fraud risks effectively because of their joint approach. 

TABLE II 

SYNERGY MECHANISMS AND THEIR BENEFITS IN FINANCIAL SYSTEMS 

Synergy Mechanism Description Benefit 

Behavioral Biometrics Verifies user 

identity using 
interaction 

patterns 

Reduces 

fraudulent 

defaults 

Financial Metrics + Mon- 
itoring 

Combines 
leverage ratios 
with transaction 

anomaly 
detection 

Enhances 

corporate fraud 

detection 

Fig. 5. Adoption of XAl Tools in Human-Al Collaboration 

VII. DATA AND TECHNOLOGY IN CREDIT RISK AND

FRAUD DETECTION 

A. Role of Big Data

By utilizing big data, companies nowadays conduct

sophisticated credit models that fuse nontraditional information

alongside financial data in their fraud detection methods. The

predictive model benefits from big data through its ability to

merge innovative non-standard information such as social

media sentiments and mobile transaction patterns which go

beyond traditional payment history records and credit score

relevance [25].

B. Emerging Solutions:

Both institutions work on implementing federated learning to

solve their data silos problem. JPMorgan Chase successfully

applied federated learning for training fraud detection models

that functioned across all global locations by centrally

processing information instead of exchanging raw data which

yielded a 15% better model accuracy rate without violating

privacy rules [?]. The financial company Citadel works with

technology partners to establish secure multi-party computation

(SMPC) solutions which fulfilled their compliance

requirements.

C. Computational Costs

Small institutions face obstacles in implementing deep learning

models because these models demand substantial

computational resources. Enterprise-grade GPU or TPU

infrastructure involves expensive costs alongside ongoing

restraints in the financial market processes that increase

expenses considerably [18]. Cloud-based solutions give

scalability but maintain high costs which make them difficult to

afford.

VIII. REGULATORY AND ETHICAL CONSIDERATIONS

In the realm of credit risk modelling and fraud detection, 

regulatory and ethical considerations play a pivotal role in 

shaping the development and deployment of analytical models. 

As financial institutions increasingly rely on advanced machine 

learning techniques to assess creditworthiness and detect 

fraudulent activities, they must navigate a complex landscape 

of regulations designed to ensure stability, fairness, and privacy. 

Simultaneously, ethical concerns, particularly regarding 

algorithmic bias and data privacy, have come to the forefront, 

necessitating a careful balance between innovation and 

compliance. This section explores the key regulatory 

frameworks, ethical issues, and strategies for balancing 

innovation with regulatory and ethical standards in credit risk 

modelling and fraud detection. 

A. Regulatory Frameworks

Several regulatory frameworks significantly impact credit risk

modelling and fraud detection, with Basel III and the General

Data Protection Regulation (GDPR) being among the most

influential.

International Journal of Engineering Research & Technology (IJERT)

ISSN: 2278-0181http://www.ijert.org

IJERTV14IS080131
(This work is licensed under a Creative Commons Attribution 4.0 International License.)

Published by :

Vol. 14 Issue 08, August - 2025

www.ijert.org
www.ijert.org


• Basel III: The Basel Committee on Banking Supervision

created Basel III which serves as a worldwide banking sector

enhancement framework with significant regulatory

supervision. The framework adopts severe stress testing tests

and insists banks possess elevated capital reserves which must

exceed conceivable credit-related losses [14]. As per Basel III

requirements, banks need to implement reliable internal

models which precisely determine default probability and loss

when defaults occur.

Banks need to check their models at regular intervals

alongside guaranteeing their compliance with accuracy

standards and reliability requirements established by

regulatory bodies. The adoption of advanced statistical

techniques together with machine learning methods including

logistic regression and ensemble methods has enabled better

identification of credit risk complexities [26].

• GDPR: The 2018 implementation of GDPR established this

comprehensive European law which controls all personal data

handling operations inside the EU. The GDPR enforcement

has restricted data sharing practices thus complicating the

ability of fraud detection systems to operate effectively with

their large centralized datasets. The GDPR enforcement

mandates organizations to use federated learning since this

technique allows distributed modeling across separate devices

and servers while keeping original data confidential [26].

Federated learning enables organizations to both meet data

protection standards and improve the system efficiency of

their fraud detection applications.

• Additional Regulations: Additional regulations besides Basel

III and GDPR affect this field. Banks performing stress tests

based on Dodd-Frank Act requirements serve to enhance the

financial stability of organizations in the United States [8].

Under the Fair Credit Reporting Act (FCRA), organizations

must guarantee precise credit reporting and fairness whereas

under the Anti-Money Laundering (AML) directives, banks

must establish strong systems to detect and report doubtful

activities [12].

B. Ethical Issues

Credit risk modelling alongside fraud detection methods 

developed through machine learning encounter multiple ethical 

challenges. Some of these challenges are listed below: 

• Algorithmic Bias: Personal data processing systems that

operate using machine learning models are trained on

underbalanced datasets which tend to manifest discrimination

towards minority groups through biased classification

choices. Logistic regression models display majority class

bias during credit card fraud detection which produces more

false positives for transactions belonging to underrepresented

populations [2]. Such bias causes the system to maintain

current disparities while undermining the fairness of credit

decision-making. Research teams and practitioners

investigate resampling methods with cost-sensitive learning

and fairness-aware algorithms to explicitly handle bias while

training fraud detection models [1].

• Privacy: Fraud detection utilises behavioral biometrics like

keystroke dynamics and mouse movement patterns

provoking substantial privacy-related issues. User

interaction-based monitoring strategies for security

improvements track user activities but raise data privacy

concerns related to intrusive surveillance [1]. The relationship

between the effectiveness of fraud detection and user privacy

needs transparent data usage guidelines combined with user

consent protection and privacy-preserving methods like

differential privacy with secure multi-party computation [9].

• Transparency and Explainability: Various machine learning

models including deep learning algorithms pose challenges

regarding transparency and accountability requirements.

Financial institutions must develop models to demonstrate

explainable results while providing clear explanations to

customers and regulators. Two emerging techniques called

SHAP (SHapley Additive exPlanations) and LIME (Local

Interpretable Model-agnostic Explanations) help explain

model decisions by delivering actionable insights about

decision-making processes [21].

C. Balancing Innovation and Compliance

It is essential for financial technologies to develop sustainably 

by creating equilibrium between innovative credit risk 

modeling, fraud detection approaches, and regulatory and 

ethical compliance mandates. The following strategies would 

help establish this balance: 

• Hybrid AI-Human Oversight: By uniting machine learning

systems with professional expertise, the EUGARDIAN

framework builds a hybrid system that improves fraud

detection performance while following ethical rules and

legal boundaries.This system integrates AI models which

identify suspicious activity requiring human analysts to

double-check flagged items thereby enhancing oversight

measures. Through this approach fraud detection accuracy

improves while fairness increases together with the

implementation of transparent accountable systems [14].

• Regulatory Sandboxes: Financial institutions benefit from

testing innovative financial products within controlled

environments that suspend complete regulatory implications

until final approval. Through their controlled experimental

platforms regulatory sandboxes enable innovative

technology development which verifies compliance with

existing regulatory standards [15].

• Ethical AI Guidelines: By establishing ethical standards for

AI usage in finance organizations gain clarity when it comes

to handling the challenging ethical challenges.Fairness

alongside transparency and accountability and privacy

protection should be emphasized within these guidelines

according to the European Commission in 2019.

• Continuous Monitoring and Auditing: Periodic checks of AI

models combined with audits of their bias and accuracy

alongside regulatory compliance assessment help

organizations find emerging problems before significant

damage occurs. The proactive implementation allows

models to maintain ethical and legal compliance throughout
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their existence [24]. Financial institutions achieve innovation 

in credit risk modeling and fraud detection through strategic 

implementation that supports trust while adhering to 

regulations and ethical benchmarks. 

IX. COMPARATIVE ANALYSIS OF MODELS AND

TECHNIQUES 

The following analysis assesses and compares methodologies 

and models used in the case of credit risk assessment and fraud 

prevention. By analyzing such metrics, benefits, restrictions, 

and suitability in specific situations, this analysis aims to give a 

clue on how these models may be applied efficiently in 

financial settings. 

A. Performance metrics

The right choice of performance measures is essential for

assessing predictive models applied for credit risk assessment

and fraud detection. Performance metrics are employed to

measure the accuracy and effectiveness of models as they

ensure models can serve the operational goals of financial

institutions to minimize the risk and identify fraudulent

activities. In credit risk modeling, the important performance

indicators have emerged in Receiver Operating Characteristic –

Area Under The Curve (ROC-AUC) and accuracy. ROC-AUC

measures the model’s ability to distinguish between potential

defaulters and creditworthy individuals, and hence, the values

closer to 1.0 show superior predication distinction. As reported

in “Fraud Detection in Credit Risk Assessment”, a Gradient

Boosting Decision Tree (GBDT) model achieved a ROC-AUC

of 0.84. Accuracy reporting the number of correct predictions

made is no less important. The researchers found that the GBDT

model had 90.5% accuracy, which would mean its high

capability to classify borrowers precisely. In credit risk settings,

such metrics are very important as wrong identification of high-

risk borrowers can lead to significant financial loss [19]. Since

the character of fraud datasets is unbalanced (few fraudulent

transactions amidst numerous honest ones), fraud detection

focuses on the precision factor and F1-score as performance

indicators. Precision is the rate of fraud detected in the

transactions that are marked suspicious and the accuracy of

reducing false alerts that could waste investigative capacity.

The F1-score is the harmonic mean of precision and recall

which well balances finding fraud cases and excluding

nonfraudulent transactions. Consistent with the findings of the

XGBoost model, a CatBoost model achieved a precision of 0.97

and an F1-score of 0. Along with precision and F1-score, all

other indicators such as recall, specificity, and confusion matrix

are provided [4]. The selection of the metrics must be aligned

with what the model is aimed to deliver. Credit risk modeling

focuses, therefore, on ROC-AUC and accuracy measures as

important performance measures since costly misclassifications

are possible. ANU of precision and F1-score in the fraud

detection use cases allows the identification of rare fraud with

higher precision leading to less resource utilization and more

customer confidence.

B. Use Case Suitability

The adaptability of models and methods for credit risk

evaluation and fraud detection varies from case to case, where

data volumes, complexity, and processing needs form crucial

considerations. In light of the high volumes of transactions in

retail banking, XGBoost algorithms and behavioral biometrics

are especially ideal. Its scalability and capacity for rapid

prediction generation, as shown in [6], makes XGBoost a front-

runner for real-time identification of fraud in situations with

high transaction volumes. The integration of behavioral

biometrics assists in monitoring and interpreting user behavior

(e.g., typing or interfacing behavior) to identify irregularities,

allowing superior protection in transaction-intensive

environments. Among the various corporate lending activities

in which complex financial statements are at the center, the best

deep learning models are. Through the breakdown of intricate

financial data, these models reveal thin correlations between

variables hence more analysis of credit risk. Through the

Chinese Corporate Fraud Risk Assessment, it has been found

that deep learning has been effective in detecting fraudulent

moves in corporate financial documents owing to the capability

to analyze them [20]. This fluctuation is further emphasized by

other relevant situations. Speaking of high-speed online

transactions, Isolation Forest and One-Class SVM are excellent

at anomaly detection because they can easily determine outliers

in real-time (Ruff et al., 2018. Clustering algorithms are useful

for insurance claims analysis because they enable aggregation

of similar claims and detect anomalous claims, suggesting

fraud, with their skill with unstructured data and anomaly

detection. Finally, the appropriateness of a model or technique

should relate to the unique demands of the entered use case. The

best strategy decision is impacted by factors like the amount of

data, complex analytical needs, and the requirement for

immediate analysis that enables financial institutes to provide

more efficient management of credit risk and avoid fraud.

X. FUTURE DIRECTIONS AND RESEARCH GAPS

Development in machine learning (ML) and artificial 

intelligence (AI) has transformed credit risk modelling and 

fraud detection into more precise forecasts and quicker threat 

management. Although the pace of advancement is quite high, 

the evolution of ML and AI has various emerging opportunities 

with new challenges, requiring constant endeavor to maximize 

their use and resolve current impediments. In this section, we 

will sieve through recent innovations that influence these 

sectors, mark the areas where the research should be directed 

and suggest ways to direct research and professional activities 

into the future. 

A. Emerging Trends

New technologies are transforming the domain of credit risk

and fraud detection by adopting flexible, understandable, and

explainable solutions. At the heart of this evolution are

Explainable AI, blockchain, and cloud computing which each

address unique challenges on the side of financial risk

management.
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• Explainable AI (XAI): Even though deep learning models

have a great deal of power, it is hard to understand how

they make decisions because of their opaqueness.

Through SHAP values, XAI contributes to a deeper 

understanding of how models are thereby increasing model 

transparency to make their conclusions. SHAP values are 

helpful to analysts in AML, as they give clear explanations 

for transaction flags hence strengthening trust and 

compliance mechanisms [17]. For example, SHAP values 

indicate the attributes of transactions (amount or origin, etc.) 

that play the greatest role in generating a fraud alert. • 

Blockchain: The advantage gained from blockchain’s 

decentralized and immutability ledger is enjoyed by the 

finance industry in supply chains that become more 

transparent and secure. Using tamper-proof recordkeeping, 

blockchain successfully addresses counterfeiting and record 

manipulation. Although scalability continues to pose a 

critical challenge, the ability of blockchain to authenticate 

products and determine their path is fundamental in 

eliminating fraud. Blockchain can be applied with regards to 

the verification of goods origin which cuts down the chances 

of fraudulent claims tremendously. 

• Cloud Computing: Big data analysis and subsequent

development of complex machine learning models depend

on the high-powered computing capabilities made

available by cloud platforms. Using its analysis of more

than 16 million transactions, the SynthAML case study

demonstrated how cloud platforms allow appropriate

training for scalable AML detection systems [11]. Such

cloud platforms as AWS for instance enable financial

institutions to analyze big data in real-time and point out

risks or fraudulent activities in no time.

TABLE III 

FINANCIAL TECHNOLOGY BENEFITS AND IMPLEMENTATION CHALLENGES 

Technology Benefit Challenge 

XAI (SHAP) Enhances model 
interpretability 

Requires 

additional 

computation 
Blockchain Ensures 

transaction 

transparency 

Scalability

limita

tions 

Cloud 
Computing 

Enables scalable 

model training 
Ongoing 
operational 

costs 

B. Research Gaps

Despite progress, several underexplored areas limit the 

scalability and adaptability of AI and ML in credit risk 

modelling and fraud detection. 

• Cross-Market Model Generalization: Scholars have not yet

thoroughly uniformly studied the applicability of models in

various markets and cultures. These variations in financial

behaviors and industry, as well as fraud strategies in different

markets, in conjunction with the adoption of region-specific

datasets, are to train models and restrict the performance of

many existing fraud detection models [16]. An example is that

a credit risk model adapted to the U.S. market may not be

capable of anticipating defaults in emerging economies, due

to differences in the economic scenario, data quality, and  
customer behavior [5]. Due to this adaptability problem, it is 

also difficult to deploy AI-based fraud prevention measures 

globally. Research into transfer learning or multi-market 

frameworks could address this gap, enabling models to 

leverage knowledge across contexts and improve their 

robustness. 

• Reinforcement Learning in Fraud Detection: Reinforcement

learning (RL) where it has been integrated into fraud detection

systems, is an area that has received little research. Its ability

to learn continuously and adapt in adaptive environments

makes reinforcement learning open up massive opportunities

for fighting fraud that keeps shifting [16]. The fact that the

supervised learning utilizes already provided data labels does

not permit dynamic pattern recognition with anything like the

realtime identification of new fraud signals that can be

implemented by RL. However, the use of such technology is

limited by the refined financial activities landscape and the

absence of large and diversified datasets for model training

[30]. Improving our understanding of how RL is applied, and

how suitable it is to current technologies could bring major

enhancements towards such proactive fraud mitigation—

which could address deficiencies of the current practice.

These gaps highlight the need for research to enhance the

adaptability and foresight of AI-driven systems in financial

applications.

C. Recommendations

To bridge these research gaps and align with emerging trends,

the following recommendations are proposed for future

research and practice.

• Prioritize Ethical AI Frameworks: As AI systems increasingly

influence financial decisions, the risk of algorithmic bias and

unfair outcomes grows, necessitating robust ethical

frameworks. These frameworks should incorporate fairness

metrics, transparency standards, and mechanisms for

continuous monitoring to ensure equitable treatment across

populations [17]. For instance, embedding bias detection

algorithms into credit risk models can prevent

disproportionate impacts on vulnerable groups, while regular

audits can maintain compliance with evolving regulations

[22]. By prioritizing ethics, financial institutions can build

trust and ensure that AI advancements align with societal

values.These recommendations aim to enhance the

effectiveness, fairness, and scalability of credit risk modelling

and fraud detection, paving the way for sustainable progress.

• Develop Standardized Datasets: Because of the lack of

public, readily comparable, standardized datasets, it is hard to

benchmark and compare the performance of models across

different studies. Efforts like SynthAML, which provides

tangible, realistic data for its use in antimoney laundering

studies, can be used as a model of improvement. Addressing

credit risk and fraud detection within these pursuits would

enable researchers to compare model performance within

similar circumstances to promote innovation artifacts

development in best practice development [27]. Through

common datasets, crossmarket research is achievable,

generalization gaps are bridged, and innovation in financial

technology is encouraged.
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• Prioritize Ethical AI Frameworks: As automation of financial

decisions grows, so do the risks of biased algorithms and

unfair results, which requires the formulation of strong ethical

standards. Efficient frameworks should include fairness

measurements, open protocols, and continuous monitoring

practices to encourage fair practices between various groups

[17]. Using the example of bias detection algorithms

programmed in credit risk models reduces adverse effects of

marginalized groups, whereas constant audits minimize the

chance of noncompliance with the ever-changing regulations

[22]. Emphasizing ethical considerations can help financial

institutions earn trust and bring AI integrations into harmony

with the broader standards of society. These guidelines are

aimed at enhancing efficiencies, impartiality, and future

potential of credit risk analysis and spore fraud prevention,

enhancing long-term success.

XI. CONCLUSION

The review highlights the drastic change in credit risk 

modelings and fraud detection caused by machine learning and 

AI adoption while using advanced techniques such as Random 

Forests and LSTMs. Such techniques are highly useful for 

identifying complex, nonlinear patterns in financial data and 

can significantly enhance predictive accuracy allowing for real-

time threat detection. This transition however is not completely 

smooth: model interpretability is and will continue to be 

elusive, the privacy of the data casts a menacing shadow, and 

the computational cost of deep learning has practical 

limitations. In turn, the stark class imbalance in fraud detection 

datasets necessitates ingenuity like improved sampling methods 

or dedicated algorithms, including XGBoost and CatBoost to 

preserve the model’s effectiveness. Looking ahead, the review 

suggests urgent research voids including models that generalize 

from different markets and possibilities of reinforcement 

learning to fight the dynamic tactics of fraud. Regional 

variation of financial behaviors is enormous, and fraud 

strategies are rapidly evolving, pointing to the need for adaptive 

and scalable solutions. Proposed recommendations are 

standardized datasets that will ensure consistent evaluation of 

models, and embedment of ethical AI principles to eliminate 

bias and improve transparency. This development is essential 

for financial institutions trying to improve risk management and 

fraud prevention while addressing the ethical and legal issues 

inspired by a data-centric environment. 
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