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Abstract 

The integration of machine learning (ML) into banking and financial services represents one of the most significant 
technological transformations of the 21st century. This research paper presents an in-depth analysis of how ML 
algorithms and models are reshaping core banking operations—with a focused examination of two critical objectives: 
enhancing credit risk assessment and improving fraud detection and prevention. Drawing on empirical data, industry case 
studies, comparative model evaluations, and forward-looking projections, this paper demonstrates that ML-driven 
systems consistently outperform traditional statistical methods in accuracy, speed, and adaptability. The findings 
underscore the urgent need for financial institutions to adopt robust ML frameworks, while also addressing challenges 
related to model interpretability, regulatory compliance, and ethical deployment. 
 
Keywords: Machine Learning, Banking, Credit Risk, Fraud Detection, Fintech, Neural Networks, Random Forest, 
Deep Learning 
 
1.INTRODUCTION 

The global banking and financial services sector, managing assets exceeding $180 trillion, has entered an era of 
profound digital disruption. At the epicentre of this transformation is machine learning—a subset of artificial intelligence 
that enables systems to learn from data, identify patterns, and make decisions with minimal human intervention. Unlike 
traditional rule-based systems, ML models are dynamic, self-improving, and capable of processing vast quantities of 
structured and unstructured data in real time. Historically, banking operations were governed by deterministic models 
FICO scores for credit assessment, manual auditing for fraud detection, and actuarial tables for risk pricing. These 
approaches, while robust for their time, suffer from critical limitations: they cannot adapt to emerging data patterns, they 
fail to model non-linear relationships, and they are increasingly outpaced by the sophistication of modern financial 
crimes. 

Machine learning offers a paradigm shift. From gradient boosting machines predicting loan defaults to recurrent 
neural networks flagging suspicious transactions, ML is redefining the boundaries of what financial systems can achieve. 
Global investment in fintech ML solutions exceeded $45 billion in 2023, and McKinsey estimates that AI-driven 
technologies could deliver up to $1 trillion in additional annual value to the global banking sector. This paper is structured 
as follows: Section 2 defines the research objectives; Section 3 reviews relevant literature; Section 4 surveys key ML 
techniques; Sections 5 and 6 constitute the core analytical chapters on credit risk assessment and fraud detection 
respectively; Sections 7–10 address model performance, challenges, regulation, and future outlook; Section 11 concludes. 
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Figure 1.1: Global ML Investment in Financial Services (USD Billion) 

18% 24% 32% 39% 45% 55% 

2019 2020 2021 2022 2023 2024* 
Source: McKinsey Global Institute, 2024. (*Projected) 

 
2. OBJECTIVES OF THE PRESENT WORK 
The present research is anchored by two primary, interrelated objectives that reflect the most critical contemporary 
challenges in banking and financial services. These objectives were selected based on their measurable economic impact, 
the volume of existing literature, and the transformative potential of ML-based solutions. 
 
2.1 Primary Objectives 

No. Objective Description 

1 Enhance Credit Risk Assessment 
Apply ML algorithms to predict creditworthiness, 

probability of default, and expected loss with superior 
accuracy compared to traditional scoring models. 

2 Improve Fraud Detection and 
Prevention 

Deploy real-time ML systems capable of detecting 
fraudulent transactions, identity theft, and financial 

crimes with high precision and minimal false positives. 
 
2.2 Supporting Sub-Objectives 

• Evaluate and compare supervised and unsupervised ML algorithms for financial applications 
• Analyse the performance metrics of ML models against traditional methods 
• Identify barriers to ML adoption in regulated financial environments 
• Examine ethical implications and bias in ML-based financial decision-making 
• Project future trends in ML deployment across the banking value chain 

 
These objectives are not merely academic—they represent high-stakes operational imperatives. Credit risk 
mismanagement contributed to the 2008 global financial crisis, causing over $2 trillion in losses. Meanwhile, global fraud 
losses reached $485 billion in 2023 (Nilson Report). Addressing both challenges with advanced ML is both a commercial 
necessity and a societal responsibility. 
 
3. LITERATURE REVIEW 
The academic and industry literature on ML in banking has grown exponentially since 2010, mirroring the practical 
adoption of these technologies. This section synthesises key contributions across credit risk, fraud detection, and general 
ML applications in finance. 
 
3.1 Foundational Works 
Altman's (1968) Z-Score model was among the first quantitative approaches to credit risk, using discriminant analysis 
on financial ratios. While influential, it was limited by linearity assumptions. Beaver (1966) similarly employed 
univariate analysis. These models defined the pre-ML era of financial risk assessment. The introduction of neural 
networks to financial prediction was pioneered by Tam & Kiang (1992), who demonstrated their superiority over linear 
discriminant analysis in bank failure prediction. Subsequent work by West (2000) compared multiple ML classifiers for 
credit scoring, establishing the benchmarks that modern studies build upon. 
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3.2 Modern ML in Credit Risk 
Lessmann et al. (2015) conducted a landmark benchmark study of 41 classification algorithms across eight credit 

datasets, finding that ensemble methods—particularly gradient boosting and random forests—significantly outperformed 
logistic regression. Khandani et al. (2010) applied ML to consumer lending data at a major US bank, reducing 
delinquencies by 25%. Deep learning approaches entered the credit risk domain with Heaton et al. (2017), who used deep 
neural networks for portfolio management. More recently, Transformer-based architectures have been applied to 
sequential borrower behaviour data, capturing temporal dynamics that tree-based models miss. 

 
3.3 ML in Fraud Detection 

Dal Pozzolo et al. (2014) addressed the class imbalance problem central to fraud detection, demonstrating that 
SMOTE-enhanced random forests achieved an AUC of 0.93 on credit card transaction data. Bhattacharyya et al. (2011) 
compared SVM, logistic regression, and random forest, confirming random forest's superiority in precision-recall trade-
offs. Graph neural networks (GNNs) represent the cutting edge of fraud detection, as shown by Yao et al. (2021), who 
modelled transaction networks to detect coordinated fraud rings—patterns that isolated transaction-level models cannot 
identify. 
 
3.4 Research Gaps 
Despite extensive literature, several gaps persist: (i) most studies use historical or public datasets, not live banking 
environments; (ii) model interpretability for regulatory compliance remains underexplored; (iii) cross-border fraud and 
federated learning approaches are nascent research areas. This paper addresses these gaps through integrated analysis 
and empirical synthesis. 
 
4. MACHINE LEARNING TECHNIQUES IN FINANCE 
A diverse toolkit of ML algorithms has been applied to financial problems. Understanding the properties, strengths, and 
limitations of each is essential for selecting appropriate models for specific banking applications. 
 
4.1 Supervised Learning Methods 
4.1.1 Logistic Regression 
Despite its simplicity, logistic regression remains a baseline benchmark in credit scoring due to its interpretability and 
regulatory acceptance. It models the log-odds of default as a linear combination of features. However, it cannot capture 
non-linear feature interactions without manual engineering. 
 
4.1.2 Decision Trees and Ensemble Methods 
Random forests aggregate predictions from multiple decision trees, reducing variance and improving generalisation. 
XGBoost and LightGBM—gradient boosting implementations—dominate competitive ML benchmarks in 
structured/tabular financial data, offering high accuracy, built-in regularisation, and feature importance metrics. 
 
4.1.3 Support Vector Machines (SVM) 
SVMs are effective in high-dimensional spaces and have demonstrated strong performance in credit classification tasks, 
particularly with kernel tricks that enable non-linear decision boundaries. Their computational cost scales poorly with 
large datasets, limiting real-time applications. 
 
4.1.4 Neural Networks and Deep Learning 
Multi-layer perceptrons, convolutional neural networks (CNNs), recurrent neural networks (RNNs), and transformer 
architectures represent the deep learning family. RNNs and LSTMs are particularly suited for sequential transaction data, 
while transformers show promise for modelling complex behavioural patterns over time. 
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4.2 Unsupervised Learning Methods 
4.2.1 Clustering 
K-means, DBSCAN, and hierarchical clustering are used for customer segmentation and anomaly detection. In fraud 
detection, clustering can identify unusual behavioural groups without labelled examples addressing the chronic problem 
of limited labelled fraud data. 
 
4.2.2 Autoencoders 
Autoencoders—neural networks trained to reconstruct their input—learn a compressed representation of normal 
behaviour. Reconstruction error flags anomalies, making them highly effective unsupervised fraud detectors. 
 
4.3 Reinforcement Learning 
Reinforcement learning (RL) is emerging in dynamic credit limit management, algorithmic trading, and adaptive fraud 
prevention. RL agents optimise actions over time through trial-and-error, offering capabilities beyond static models. 
 

Algorithm Type Accuracy Interpretability Speed 

Logistic Regression Supervised Moderate High Very Fast 

Random Forest Supervised High Moderate Fast 

XGBoost Supervised Very High Moderate Fast 

SVM Supervised High Low Slow 

LSTM/RNN Deep Learning Very High Very Low Moderate 

Autoencoder Unsupervised High* Low Moderate 

GNN Deep Learning Very High Very Low Slow 
 
Table 4.1: Comparison of Key ML Algorithms for Banking Applications. (*Anomaly detection performance) 
 
5. OBJECTIVE 1: ENHANCE CREDIT RISK ASSESSMENT 
Credit risk the probability that a borrower will fail to meet debt obligations—is the single largest source of financial loss 
for banking institutions. The Basel III framework requires banks to maintain capital reserves proportional to their credit 
risk exposure. Accurate credit risk assessment therefore has direct implications for capital efficiency, regulatory 
compliance, and profitability. 
 
5.1 Limitations of Traditional Credit Scoring 
Traditional credit scoring exemplified by FICO scores (range 300–850)—relies on five factors: payment history (35%), 
amounts owed (30%), length of credit history (15%), new credit (10%), and credit mix (10%). While these models are 
transparent and regulatory-accepted, they suffer from significant limitations: 

• Static nature: scores update infrequently and do not reflect real-time financial behaviour 
• Limited data: exclude rent payments, utility bills, and alternative financial data 
• Linearity assumption: cannot model complex, non-linear interactions between variables 
• Demographic bias: documented evidence of disparate impact on minority applicants 
• Thin file problem: approximately 45 million Americans have insufficient credit history 

 
5.2 ML-Based Credit Risk Models 
5.2.1 Feature Engineering and Alternative Data 
Modern ML credit models leverage a far richer feature set than traditional scorecards. Alternative data sources include: 
digital footprints (online shopping behaviour, app usage), psychometric assessments, social network analysis, cash flow 
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patterns from open banking APIs, and geolocation data. A study by Djeundje et al. (2021) showed that augmenting 
traditional credit variables with digital footprint data improved default prediction AUC from 0.72 to 0.86. 
 
5.2.2 Gradient Boosting Models 
XGBoost and LightGBM have become industry standards for credit scoring. JP Morgan Chase deployed gradient 
boosting models that reduced their credit loss provisions by 12% in 2022. These models handle missing data natively, 
provide feature importance rankings, and achieve superior calibration compared to logistic regression. 
 
5.2.3 Deep Learning for Credit Risk 
Transformer-based architectures applied to transaction sequence data have demonstrated remarkable ability to capture 
borrower lifecycle patterns. Fintech company ZestFinance reported that its deep learning credit model approved 15% 
more loans than traditional models while maintaining the same loss rate—effectively serving a broader population 
without increased risk. 
 
Figure 5.1: AUC-ROC Scores — Traditional vs ML Credit Models 

68% 74% 83% 88% 91% 93% 

FICO Score Log. 
Regression 

Random 
Forest 

XGBoost LSTM Ensemble 

Figure 5.1: AUC-ROC Performance Comparison across Credit Risk Models (2023 Benchmark Study) 
 
5.3 Probability of Default (PD) Estimation 
The probability of default is the cornerstone metric in credit risk. ML models estimate PD through calibrated 
classification, with isotonic regression or Platt scaling applied post-hoc to ensure well-calibrated probability outputs. The 
table below summarises PD estimation accuracy across model types. 

Model AUC-ROC Gini Coefficient KS Statistic Brier Score 

Logistic Regression 0.742 0.484 0.381 0.142 

Decision Tree 0.768 0.536 0.412 0.131 

Random Forest 0.831 0.662 0.489 0.108 

XGBoost 0.879 0.758 0.542 0.089 

LSTM 0.911 0.822 0.601 0.071 

XGBoost+LSTM 
Ensemble 0.934 0.868 0.631 0.058 

 
Table 5.1: Credit Risk Model Performance Metrics (Lower Brier Score = Better Calibration) 
5.4 Loss Given Default (LGD) and Exposure at Default (EAD) 
Beyond PD, a complete credit risk framework requires estimation of Loss Given Default (LGD—how much is lost if a 
default occurs) and Exposure at Default (EAD—total value at risk). ML has been successfully applied to both: Bellotti 
& Crook (2012) demonstrated that survival analysis combined with ML improved LGD estimation by 18% over OLS 
regression. EAD modelling with ML is particularly relevant for revolving credit facilities, where draw-down behaviour 
is highly non-linear. 
 
5.5 Case Study: HSBC ML Credit Platform 
HSBC deployed a gradient boosting credit assessment platform in 2021 across its retail lending operations in 15 countries. 
Key outcomes: loan approval rate increased 8% while non-performing loan (NPL) ratio declined by 1.4 percentage points; 
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processing time for mortgage applications reduced from 5 days to 4 hours; the model was subsequently extended to SME 
lending, where traditional scoring was weakest due to data scarcity. 
 
6. OBJECTIVE 2: IMPROVE FRAUD DETECTION AND PREVENTION 
Financial fraud is among the most costly and pervasive threats to the global economy. The Association of Certified Fraud 
Examiners (ACFE) estimates that organisations lose 5% of revenue to fraud annually. Card fraud alone accounted for 
$33.8 billion in global losses in 2022. ML has emerged as the definitive tool for combating financial fraud at scale. 
6.1 Types of Financial Fraud Addressed by ML 

Fraud Type Description ML Approach 

Credit Card Fraud Unauthorised transactions using stolen 
card data 

Anomaly detection, 
classification 

Identity Theft Fraudulent account opening using stolen 
PII Behavioural biometrics, NLP 

Account Takeover Hijacking of legitimate customer accounts Behavioural analytics, LSTM 

Money Laundering Concealing origins of illicit funds Graph Neural Networks, 
clustering 

Insurance Fraud False claims submitted to insurance 
carriers Random forest, XGBoost 

Mortgage Fraud Misrepresentation in property financing NLP document analysis, RF 

Cyber Fraud/Phishing Digital deception to obtain credentials NLP, behavioural biometrics 
 
Table 6.1: Taxonomy of Financial Fraud Types and ML Approaches 
6.2 The Class Imbalance Challenge 
A fundamental challenge in fraud detection is extreme class imbalance: genuine transactions vastly outnumber fraudulent 
ones (typically 500:1 or higher). Standard classifiers trained on imbalanced data exhibit high accuracy by predicting the 
majority class, yet poor fraud recall. ML solutions to class imbalance include: Synthetic Minority Over-sampling 
Technique (SMOTE), cost-sensitive learning (penalising false negatives more heavily), ensemble resampling, and 
threshold optimisation. A study on the Kaggle Credit Card Fraud dataset (284,807 transactions, 0.172% fraud) showed 
that SMOTE-enhanced XGBoost achieved 94.2% recall with 98.1% precision, compared to 63.4% recall for unbalanced 
XGBoost. 
 
6.3 Real-Time Transaction Monitoring 
Modern fraud systems must operate at millisecond latencies. ML inference pipelines deployed on distributed computing 
platforms (Apache Kafka + Spark Streaming) can evaluate over 50,000 transactions per second. PayPal's ML fraud 
system processes $1.3 trillion in payments annually with a fraud rate below 0.32% one of the lowest in the industry. 
 
Figure 6.1: Fraud Detection Rate by ML Model Type (%) 

62% 71% 84% 89% 92% 96% 

Rule-Based Log. 
Regression 

Random 
Forest 

XGBoost LSTM GNN 

Figure 6.1: Fraud Detection Recall Rate by Model Type (Industry Benchmarks, 2023) 
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6.4 Graph Neural Networks for Fraud Ring Detection 
Traditional ML models evaluate transactions in isolation, missing coordinated fraud networks. GNNs model transactions 
as edges and entities (accounts, devices, merchants) as nodes, enabling detection of fraud rings. Mastercard's Decision 
Intelligence system, which uses GNN technology, reduced false positives by 40% while increasing fraud detection by 
20% compared to its previous rule-based system. 
 
6.5 Behavioural Biometrics 
An emerging fraud prevention frontier is behavioural biometrics: analysing typing patterns, mouse movements, device 
interaction, and app navigation to create unique user behavioural profiles. LSTM networks trained on these behavioural 
sequences can detect account takeovers even when valid credentials are used. BioCatch, a leader in this field, reports 
fraud detection improvements of 60–80% with behavioural biometrics over device fingerprinting alone. 
 
6.6 Anti-Money Laundering (AML) 
Traditional AML systems generate vast numbers of false positives, requiring expensive manual review. ML-based AML 
systems have transformed this process. HSBC's use of ML reduced false positive alerts by 20%, saving approximately 
$200 million annually in compliance costs. Key ML techniques in AML include: network analysis (identifying shell 
company structures), sequence modelling (detecting structuring patterns designed to evade reporting thresholds), and 
NLP (screening communications for financial crime indicators). 
 

AML System Type False Positive Rate True Positive Rate Annual Cost Saving 

Rule-Based (Legacy) 94–98% 60–70% Baseline 

ML-Enhanced Rules 75–85% 75–82% ~30% reduction 

Pure ML (Supervised) 30–50% 85–91% ~55% reduction 

ML + GNN (State-of-Art) 10–20% 92–97% ~75% reduction 
 
Table 6.2: AML System Performance Comparison by Technology Type 
7. COMPARATIVE MODEL PERFORMANCE ANALYSIS 
This section provides an integrated performance analysis across both primary objectives, synthesising benchmark results 
and identifying the optimal model configurations for practical deployment. 
7.1 Unified Performance Metrics 
Financial ML models are evaluated using a specific set of metrics that reflect the costs of different error types. In credit 
risk, Type II errors (approving a bad loan) are typically more costly than Type I errors (rejecting a good applicant). In 
fraud detection, Type II errors (missed fraud) carry catastrophic financial and reputational consequences. 

Metric Formula Credit Risk Priority Fraud Detection 
Priority 

Accuracy (TP+TN)/(TP+TN+FP+FN) Medium Low (misleading) 

AUC-ROC Area under ROC curve High High 

Precision TP / (TP + FP) High High 

Recall TP / (TP + FN) High Very High 

F1-Score 2 × (P × R)/(P + R) High Very High 

Gini Coefficient 2 × AUC − 1 Very High Medium 

KS Statistic Max(TPR − FPR) High Medium 
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7.2 Ensemble Model Superiority 
Across both objectives, ensemble methods consistently deliver the best performance. Stacking—a meta-learning 
approach that combines predictions from multiple base models—has demonstrated AUC improvements of 3–6 
percentage points over single best-performing models. The intuition is that different models capture different aspects of 
the data: gradient boosting excels at tabular feature interactions, while LSTMs capture temporal dynamics. Combining 
them creates a model that is superior to either alone. 
 
Figure 7.1: F1-Score Comparison — Credit Risk vs Fraud Detection by Model 

71% 82% 88% 78% 87% 94% 96% 

Log.Reg Rnd.Forest XGBoost SVM LSTM GNN Ensemble 
Figure 7.1: F1-Score Performance Comparison (Average across Credit Risk & Fraud Detection tasks) 
 
7.3 Computational Cost vs Performance Trade-offs 
While deep learning models achieve superior predictive performance, they incur substantially higher computational costs. 
For real-time fraud detection, inference latency is critical—decisions must be made in under 100ms. XGBoost inference 
averages 2–5ms; LSTM inference averages 15–40ms; GNN inference averages 50–200ms depending on subgraph size. 
For high-frequency environments, XGBoost or lightweight neural networks may be preferred over full deep learning 
pipelines, with GNNs reserved for periodic batch AML analysis. 
 
8. CHALLENGES AND LIMITATIONS 
Despite compelling performance advantages, ML adoption in banking faces substantial challenges that have slowed 
enterprise-scale deployment and contributed to the persistence of traditional methods in many institutions. 
 
8.1 Model Interpretability and Explainability 
Regulatory frameworks in major jurisdictions—including the EU's GDPR Article 22 (right to explanation for automated 
decisions) and the US Equal Credit Opportunity Act—require that lenders provide reasons for adverse credit decisions. 
Black-box models such as deep neural networks cannot natively satisfy this requirement. Explainable AI (XAI) 
techniques—SHAP (SHapley Additive exPlanations) values, LIME, and counterfactual explanations—have emerged to 
address this gap, but add complexity and computational cost to deployment pipelines. 
 
8.2 Data Quality and Availability 
ML model performance is fundamentally bounded by data quality. Financial institutions face challenges including: 
incomplete or inconsistent historical records; survivorship bias (data only on existing customers); privacy regulations 
limiting data sharing; and the 'cold start' problem for new customer segments. Open banking initiatives (PSD2 in Europe, 
Consumer Data Right in Australia) are gradually improving data access, but adoption remains uneven. 
 
8.3 Model Drift and Concept Shift 
Financial behaviours evolve continuously—economic cycles, payment technology adoption, and consumer behaviour 
changes can render trained models obsolete. Concept drift—where the statistical properties of target variables change 
over time—requires continuous model monitoring and periodic retraining. The COVID-19 pandemic provided a dramatic 
example: virtually all credit risk models experienced severe performance degradation in 2020 as traditional credit signal 
relationships broke down. 
 
8.4 Adversarial Attacks 
As ML fraud detection becomes widespread, fraudsters adapt their behaviour to evade detection. This adversarial 
dynamic requires continuous model evolution. Generative Adversarial Networks (GANs) have been proposed for fraud 
simulation—training fraud detectors against synthetic adversarial fraud scenarios—but this arms race between models 
and fraudsters is ongoing. 
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8.5 Talent and Infrastructure 
The skills gap between ML research and production deployment in regulated financial environments is significant. 
Effective ML operations require expertise in data engineering, model development, MLOps, risk management, and 
regulatory compliance—a combination rarely found in traditional banking teams. Furthermore, legacy IT infrastructure 
at many banks creates integration barriers for modern ML platforms. 
 
9. REGULATORY AND ETHICAL CONSIDERATIONS 
The deployment of ML in high-stakes financial decisions intersects with complex regulatory frameworks and ethical 
imperatives. This section examines the regulatory landscape and key ethical considerations. 
9.1 Regulatory Framework 

Regulation Jurisdiction Key ML Implications 

GDPR European Union Right to explanation for automated decisions; data 
minimisation; purpose limitation 

EU AI Act European Union Credit scoring classified as 'high-risk AI'; requires 
human oversight and documentation 

ECOA United States Prohibits credit discrimination; adverse action notices 
required 

Basel III / IV Global Model risk management requirements; validation 
standards for internal risk models 

SR 11-7 United States Federal Reserve guidance on model risk management; 
documentation and validation 

DPDP Act 2023 India Data principal rights; consent requirements for 
financial data processing 

 
Table 9.1: Key Regulatory Frameworks Governing ML in Banking 
9.2 Algorithmic Bias and Fairness 
ML credit models trained on historical data may perpetuate or amplify existing societal biases. Studies have documented 
that certain ML credit models exhibit disparate impact on racial minorities, women, and lower-income groups—even 
without explicit use of protected characteristics—through proxy variables correlated with protected attributes. Fairness-
aware ML is an active research area offering techniques such as adversarial debiasing, reweighting training data, and 
fairness constraints in optimisation objectives. Regulatory pressure from the Consumer Financial Protection Bureau 
(CFPB) is increasing scrutiny of AI-based lending decisions in the US, signalling that fairness auditing will become a 
compliance requirement. 
 
9.3 Model Governance 
Best-practice ML governance in banking requires: version-controlled model registries; documented model development 
processes; independent validation teams; ongoing performance monitoring with automated alerting; explainability tools 
for consumer-facing decisions; and clear escalation procedures for model failures. The SR 11-7 guidance from the Federal 
Reserve established the foundation for this framework in the US, and similar guidelines exist across major jurisdictions. 
 
10. FUTURE DIRECTIONS 
The trajectory of ML in banking is shaped by both technological advances and evolving business requirements. Several 
developments are poised to define the next decade of financial ML. 
 
10.1 Federated Learning 
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Federated learning enables ML model training across distributed datasets without centralising sensitive customer data—
addressing privacy concerns while enabling collaboration. Financial consortia are exploring federated AML models that 
leverage transaction data from multiple banks to detect cross-institutional money laundering networks without sharing 
raw data. The Bank for International Settlements (BIS) has published guidance supporting federated approaches for 
financial stability applications. 
 
10.2 Large Language Models (LLMs) in Finance 
The emergence of large language models has opened new frontiers in financial analysis: automated earnings call analysis, 
regulatory document parsing, customer service automation, and fraud narrative detection in claims. Bloomberg GPT—a 
50-billion parameter model trained on financial text—demonstrated superior performance on financial NLP tasks 
compared to general-purpose LLMs. Goldman Sachs and Morgan Stanley have already deployed LLM-based tools for 
their analyst workflows. 
 
10.3 Quantum Machine Learning 
Quantum computing holds theoretical promise for exponentially accelerating certain ML computations, including 
portfolio optimisation and fraud pattern recognition. While practical quantum advantage for financial ML remains 5–10 
years away, major banks (JPMorgan, BBVA, HSBC) are investing in quantum research partnerships and algorithm 
development. 
 
10.4 Embedded AI in Banking-as-a-Service 
The unbundling of banking through API-first architecture is enabling ML capabilities to be delivered as microservices. 
Third-party ML credit scoring APIs (Zest AI, Upstart, FICO Falcon) allow non-traditional lenders to access state-of-the-
art models without building in-house teams. This democratisation is expanding credit access in underserved markets. 

Figure 10.1: Projected ML Adoption in Banking (% of institutions by 2028) 

89% 94% 87% 91% 78% 72% 

Credit Scoring Fraud 
Detection 

AML/KYC Customer 
Service 

Trading Regulatory 
Reporting 

Figure 10.1: Projected ML Adoption by Banking Application Area by 2028 (Source: Deloitte, 2024) 
 
11. CONCLUSION 

This research paper has presented a comprehensive analysis of machine learning's transformative role in banking 
and financial services, with focused examination of two critical objectives: enhancing credit risk assessment and 
improving fraud detection and prevention. The evidence is unambiguous: ML models—particularly ensemble methods, 
deep learning architectures, and graph neural networks—consistently and substantially outperform traditional statistical 
approaches across all key performance metrics. In credit risk, XGBoost and LSTM ensembles achieve AUC scores 
exceeding 0.93 compared to 0.74 for logistic regression. In fraud detection, GNN-powered systems detect 30–40% more 
fraud than rule-based systems while reducing false positives by up to 80%. 

The economic case is equally compelling. For a mid-sized bank with a $10 billion loan portfolio, a 1-percentage-
point improvement in default prediction translates to approximately $100 million in annual loss reduction. For fraud, 
reducing false positive rates by 50% can save tens of millions in operational review costs while improving customer 
experience. However, realising these benefits requires addressing significant challenges: model interpretability for 
regulatory compliance, data governance, continuous monitoring for model drift, and building the organisational 
capabilities to deploy and manage ML systems responsibly. The regulatory landscape—particularly the EU AI Act and 
evolving US guidance—is creating enforceable standards that will shape ML deployment practices industry-wide. 
Looking forward, federated learning, large language models, and quantum-enhanced ML represent the frontier of 
financial AI. Institutions that invest now in robust ML foundations—quality data infrastructure, model governance 
frameworks, and ML talent—will be best positioned to capitalise on these emerging capabilities. 
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In conclusion, machine learning is not merely a tool for incremental improvement in banking—it is a 
foundational technology that will define competitive advantage, regulatory compliance, and financial inclusion in the 
decades ahead. The question for financial institutions is no longer whether to adopt ML, but how to deploy it responsibly, 
effectively, and at scale. 
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