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Abstract
Financial risk prediction is highly important to facilitate informed decision-making in contemporary financial systems where traditional analytical methods are challenged by increasing data complexity. This research includes the design, implementation, and testing of a machine learning-powered financial risk prediction model that categorises risk levels and provides probabilistic risk estimates on the threshold of the risk based on systematic financial data. Transaction volume, market sentiment, stock price, revenue, loan approval rate and operational expenses form key inputs and reflect both operational and market-induced elements of the financial activity.
The two supervised learning models used include logistic regression and random forest, which are implemented to evaluate the predictive performance, interpretability, and fairness. The Logistic regression is an interpretable base model, which has a coefficient to explain that is of regulatory quality. The random forest model captures non-linear relationships and feature interactions and is more accurate at prediction, especially when dealing with low-risk classification. 
The prediction of the model is also improved with the help of feature importance analysis and SHAP-based explanations, where the variables of transaction nature are always accepted as the strongest risk factors. Evaluation of fairness provides the trade-off between accuracy and equity whereby the larger the differences are among the demographic proxy groups in ensemble models. The results indicate that none of the models considers accuracy, interpretability, and fairness simultaneously, and calls upon governance-conscious hybrid methods of responsible financial risk prediction.
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[bookmark: _Toc218540348]I. INTRODUCTION

[bookmark: _heading=h.j215lpf95m7w][bookmark: _Toc218540349]A. Background
Artificial intelligence (AI) has emerged as a revolution in the world of global financial services and has had a significant role in credit ratings, fraud detection, investment advisory services, and automated trading. The recent advances of AI technologies have taken centre stage in financial institutions by enhancing accuracy, risk prediction, operational efficiency, and minimising human error. The United Kingdom (UK), which is among the major financial markets in the world, has witnessed the proliferation of systems based on AI in its quest to innovate and gain a competitive edge. But this technological transformation has brought forth complicated ethical and regulatory issues, especially when it comes to fairness, transparency, accountability and security.
Despite the positive efforts of the UK Government in encouraging digital innovation, regulating AI in the financial decision-making area is still in a disjointed manner. The current system, such as the one created by the Financial Conduct Authority (FCA) and the UK General Data Protection Regulation (UK-GDPR), covers the elements of autonomous decision-making but falls short of the more dynamic risks it introduces. One issue that demands significant focus is algorithmic bias, where the models that have been trained on the historically biased datasets are prone to reproducing the biased results in such areas as loan approvals and credit scoring [1]. This negatively influences the confidence of consumers and strengthens inequality among financial systems. Greater use of data-driven decision engines increases the vulnerability of cybersecurity institutions to threats, including data manipulation and unauthorised access.
The pace at which AI has been developed has been increasing faster as compared to updates in regulatory frameworks, establishing a growing disproportion between technological implementation and regulation. In the absence of updates, regulatory frameworks are likely to be outdated, thereby giving way to regulatory loopholes in market regulation, consumer protection, and system security. Although policymakers have recognised the necessity of well-articulated ethical guardrails and come up with principles-based regulations, practical applications of the divisions are yet to be well ventured into. A pressing necessity in interdisciplinary empirical studies on the interaction of ethical and regulatory aspects of the real-world financial context and the implementation of AI into the UK financial ecosystem, responsibility is required.
The study helps to reduce this limitation by examining the ethical and regulatory potential of AI-based financial decision-making in the UK and by suggesting a strictly developed set of governance. In order to supplement this analysis, the study also helps to design an AI-based framework of fraud detection so that the principles of transparency, fairness, and explainability can also be realised in practice. It is a dual method that offers both conceptual and empirical insights that advance towards responsible, ethically aligned AI systems in financial services.

[bookmark: _heading=h.k892q5vgnr6a][bookmark: _Toc218540350]B. Problem Statement
Despite the fact that AI-based decision-making systems have been adopted in the UK financial services sector and which has made the industry more efficient in its operations, fraud detection, and the ability to make more informed insights based on data integration, the technological advancement has brought with it serious governance issues. One of the key issues is the increasing distance between the fast-paced technological advancement and the slower law and regulation formulation. The current regulatory systems, despite their strong checks and balances on the conventional financial behaviours, are not well-prepared to evaluate or prevent algorithmic risks, including bias, privacy breaches, secrecy, lack of accountability, and susceptibility to security breaches.
The ethical issue of algorithmic bias is an especially grave problem. The ability of AI systems to be trained using historical financial data usually reproduces the already existing social and economic inequalities, which results in discriminatory practices in areas like credit scoring and loan applications, especially when it comes to minority groups. The absence of strict checks of fairness and enforceable safeguards might result in discriminatory performance and might diminish consumer trust and the legal liability limits of the financial institutions [2]. Although the UK regulators are sensitive to these ethical risks, existing operational guidelines are still inadequate to bring about just results for various groups of people across different demographics.
One significant challenge is data privacy and security. Artificial intelligence systems are based on huge multi-dimensional data, which exposes more vulnerability to cybercrimes and data leaks. Unless there are effective regulatory measures, such vulnerabilities may cause significant financial and reputational losses, as established by past data security breaches in the UK financial services sector. This is something that the use of large datasets (including those which are processed by non-transparent AI models) is a cause of concern as far as the issue of data provenance, managing consent, and user rights is concerned, according to the UK-GDPR. At present, however, the standardisation of the aspects of a safe implementation of AI is still absent, as well as the aspects of transparent data practices, which subject institutions to a greater systemic risk.
The scope of accountability for the harm of algorithms is legally uncertain on how to hold liable the developers, data feeds, or deploying organisations. In the absence of accountability measures, regulators will find it difficult to implement an ethical level of compliance or address the complaints made by consumers. Current literature and policy debate processes are more inclined to conceptual analysis, as opposed to examining the empirical evidence. There is little literature that presents systematic information on the application of AI by financial professionals in the UK and lacks real-world testing of regulatory initiatives. This empirical weakness prevents the generation of viable, informed policy suggestions and prevents the inculcation of ethical postulation into work practice.
These problems present a multi-layered governance challenge that involves regulatory frameworks that fail to align with current AI trends, a high rate of ethical issues, including bias and obscurity, an increasing risk of cybersecurity with regard to data protection, and a significant lack of empirical case studies that can support regulatory recommendations. These voids create the importance of thoroughly examined research and intellectual policy formulation to enable the responsible application of AI in financial decision-making. application.
[bookmark: _heading=h.s2aslh5t2yyc][bookmark: _Toc218540351]C. Aim and Objectives
Aim
The aim of this project is to examine the ethical and regulatory challenges arising from the use of AI in the UK financial services sector and to assess how current governance frameworks address these issues.
Objectives
· To analyse the regulatory frameworks that govern the use of AI in the UK financial services sector
· To identify limitations and gaps within existing regulatory and supervisory mechanisms relating to AI adoption usage
· To examine the ethical and legal challenges encountered by UK financial institutions when deploying AI-driven decision-making systems
· To develop evidence-based recommendations for strengthening ethical and regulatory guidelines for AI use in financial services
· To design and evaluate a prototype AI-based fraud detection model that demonstrates the practical implications of ethical and regulatory considerations

[bookmark: _heading=h.uawv7f3ydaio][bookmark: _Toc218540352]D. Research Questions 
The following are the major research questions for the current study:
1. How is the current regulatory landscape for AI applications in the UK financial sector characterised?
2. What are the specific gaps and shortcomings in the current regulatory oversight mechanisms?
3. What are the main challenges the UK financial institutions face due to the ethical and legal dilemmas of adopting AI?
4. How to create stronger regulatory guidelines to ensure ethical and legal application of AI across the financial sector?

[bookmark: _heading=h.vhtaf8ij6q1u][bookmark: _Toc218540353]E. Scope and Limitations
The financial services industry in the United Kingdom is the only sector to be covered in this research. The research is dedicated to particular applications of AI in credit scoring, fraud detection, automated trading, and automated investment advisory that should be evaluated based on the ethical standards of fairness, transparency, and accountability. The regulatory discussion considers the UK-specific regulations, such as regulations by the Financial Conduct Authority (FCA) and data protection regulations by the UK GDPR. One of the main aspects of this project is the creation of an artificial intelligence prototype fraud detection model. This model uses explainable AI (XAI) methods to explore bias in an algorithm, explainability, and transparency [3]. The prototype is a useful instrument to explore the way that the principles of ethics can be applied in a running test scenario. necessary caution and validity
There are a number of limitations in this research. The investigation is based only on the widely published regulatory documents, academic literature, and policy reports. The proprietary datasets, internal financial institutions' systems or real-world operational AI models are not accessible to the project, which limits the understanding of industry-specific implementation issues [4]. The prototype of the fraud detection is created based on a publicly available Kaggle dataset. This data is not a full representation of the magnitude, complexity and variety of actual financial transaction data. Consequently, the performance of the model as well as the ethical issues found cannot be similar to the ones observed on systems at the production level deployed by large financial institutions [5]. The prototype is simplified intentionally to make it simple and achievable under the circumstances of academic limitations. It fails to consider real-time data flows, sophisticated adversarial examples, as well as institution-specific risk avoidance strategies, and this hinders its external validity. Regulatory review is limited to the UK environment. Hence, its findings cannot be directly applied to the countries that have a different legal framework, priorities regarding the regulation, or AI governance practices.

[bookmark: _heading=h.pto4em4906k7][bookmark: _Toc218540354]F. Dissertation Structure
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II. LITERATURE REVIEW

[bookmark: _heading=h.ylwbbax6p3gd][bookmark: _Toc218540356]A. Foundational Concepts and Key Definitions
     Artificial Intelligence (AI) has become increasingly integrated into financial services, where it is used to enhance efficiency, accuracy, and decision-making across key operational areas such as credit scoring, fraud detection, investment advisory services, and risk management. In this context, AI refers primarily to the deployment of machine learning algorithms capable of predictive analytics and automated decision-making, which are designed to support or, in some cases, replace traditional human judgement. As these technologies become embedded within financial infrastructures, a range of foundational concepts has emerged in academic and regulatory literature to frame their implications.
One of the most significant challenges associated with AI deployment is algorithmic bias. Algorithmic bias arises when discriminatory patterns are unintentionally encoded into AI systems, often due to skewed, incomplete, or unrepresentative training data, or flawed model design. Such bias can lead to disproportionate error rates that unfairly disadvantage specific demographic groups, raising serious concerns about fairness and equality in financial decision-making.
[image: ]
[bookmark: _heading=h.q7j5uzvtzt06][bookmark: _Toc218536902]Fig. 1. Review of XAI interaction with the user
	Explainable Artificial Intelligence (XAI) has become a hot phrase used to address these concerns. XAI is a collection of methods that is aimed at enhancing the transparency and interpretability of complex AI models. With the XAI, users, regulators, and impacted people can comprehend not only how an algorithm is coming up with a given result but also why they are getting it. As shown in Fig. 1, such high levels of openness are critical towards building trust, accountability, and regulatory control in AI-driven financial systems [6].
Governance and ethical frameworks, together with the technical solutions, are also important in setting out the path of responsible AI use. Regulatory authorities in the UK, like the Financial Conduct Authority (FCA) and Information Commissioner’s Office (ICO), have set up regulatory frameworks, legal provisions and regulatory procedures to monitor adherence to the legal requirements and social expectations. The principles of AI ethics also embrace the notion of responsible innovation in that they seek to resolve the problems of fairness, privacy, and consumer protection. These ideas can be combined to form a critical basis of the ethical and legal issues that will emerge due to a fast implementation of AI in the UK financial institutions [12]. 
	The growing use of AI in the financial institutions have also raised the level of discussion on the overall social, organisational as well as economic effects of using automated decision-making as the foundation of AI. Changing operations to be based on algorithms has brought about new types of operational dependency as institutions have had to weigh the benefits of efficiency against the development of new types of technological vulnerability [13]. Problems like data quality, system robustness and model drift have been categorized as some of the challenges that are ever present and affect the long-term reliability. The incorporation of AI has altered institutional frameworks of accountability because the customary channels of accountability are now unclear as the autonomous systems generate decision-making actions, which are no longer done by individual employees. The advent of AI prompted regulators and other industry organisations to focus on the need to have good model governance, ongoing monitoring, and thorough audit trails [14]. Issues related to consumer confidence and sense of fairness have stressed the issues of open communication policies that clarify the outcome of AI-driven technology to final customers.

[bookmark: _heading=h.o37hr1bftzr5][bookmark: _Toc218540357]B. Major Theoretical Paradigms and Models
	The analysis of AI ethics and regulation in the financial services industry has been influenced by a number of theoretical paradigms, which, together, has given a broad spectrum of perspective on assessing the ethical, legal and organisational impact of AI implementation. Responsible AI systems in all aspects applied to ensure institutions build and implement systems that facilitate transparency, fairness, accountability and human supervision.
[image: ]
[bookmark: _heading=h.xiiq3yz0gn3v][bookmark: _Toc218536903]Fig. 2. Socio-Technical Grounded Theory Research Framework
	The structure of AI has been developed in such a way that algorithmic operations are not beyond the ethical standards. Regular duties, highlighting that AI systems have to be used in a manner that would be explainable and auditable. The Socio-Technical Systems Theory has been used to conclude that AI technologies cannot be interpreted as technical artefacts only [15].
	The Risk-Based Regulation Model, adopted by regulators, including the UK Financial Conduct Authority, provides the principle that the degree of regulatory intervention should be in proportion to the degree of risk. The model has assisted the UK to develop a policy on AI oversight since it highlights the importance of having flexible, adaptive regulatory responses that can respond to the emerging risks as well as the emerging but changing technological abilities.
	The relevant paradigms and the modern scholarship are increasingly concerned with the process of integrating explainable and AI principles in the financial decision-making settings. An increasing awareness of the fact that explainability is not only a technical necessity but also a core element of ensuring that people have confidence in automated financial systems. It has been proven that stakeholders, such as regulators, consumers, and institutional decision-makers, need a transparent understanding of the way AI-driven outcomes are produced. Especially in cases where fate is involved in terms of credit access, fraud decisions or risk rating.

[bookmark: _heading=h.ma1gzce9iewd][bookmark: _Toc218540358]C. Critical Comparison of Existing Systems and Methodologies
	     Research on applying Artificial Intelligence (AI) to the financial sector adopts very diverse methodological frameworks, with each having its own interest in the operation of intelligent systems under high-stakes decision-making conditions. Machine learning-based credit scoring is one of the best-researched uses. The systems are appreciated because they have the capacity to handle high amounts of applicant data in a very efficient manner, and also, they can spot complicated patterns that would not have been realised by traditional statistical analysis. Nevertheless, empirical research shows that these models have the potential to strengthen historical tendencies of discrimination when they are trained on the evidence of the current socio-economic and demographic disparities [7]. This shortcoming underscores the significance of taking special care in the selection of data as well as the model validation.
Based on these methodology innovations, AI has also been strongly implemented within fraud detection practices. “Random Forests”, “Neural Networks”, and “Logistic Regression” are the popular techniques to reveal the abnormal pattern of transactions and provide the possibility to identify fraudulent transactions in real-time [8]. Although these models can be very predictive, they bring a corresponding issue in that their transparency tends to decrease. Several fraud-detection algorithms are viewed as black-box models, so it is not easy to decipher how they make the necessary decisions internally. Such obscurantism presents serious challenges to financial institutions in situations where automated decisions need justification to regulators or other interested parties.
The transparency of AI methods has direct regulatory consequences and has led to greater questioning of systems of governance. The UK AI regulation belongs to the decentralised regulatory framework (including the Financial Conduct Authority (FCA) and the Information Commissioner’s Office (ICO). Though this method provides flexibility in regulations, it has also led to disjointed regulations and differences in expectations among the institutions [9]. The AI Act of the European Union, in contrast, offers a more unified regulation system, which is more risk-intensive and aims at accountability as well as transparency and systematic classification of AI systems as an effective model of supervising them. In order to address the methodological uncertainty, as well as in reaction to regulatory pressure, tools of ethical assessment have developed to enhance model interpretability. Methods such as SHAP (Shapley Additive Explanations) or LIME (Local Interpretable Model-Agnostic Explanations) are oriented to explain how particular features influence model predictions [8]. Although these tools are useful, they are not fully interpretable, especially in the case of deep-learning models, meaning that new efforts need to be made in the future to have fully accountable AI systems.
[image: ]
[bookmark: _heading=h.ncc0jjhu52lr][bookmark: _Toc218536904]Fig. 3. Big Data Governance Framework for Network Security
	There are major organisational and governance impacts associated with the adoption of AI. Research indicates that making decisions through AI transforms internal compliance processes, data-management models, and controls [10]. This change has fuelled the necessity of interdisciplinary cooperation between the technicality, legal scholars and ethicists. Besides, customer trust has become a key issue, as people are even more demanding to know the reason for automated choices. Reputation risk may arise due to unchecked errors in algorithms, changes in models or bias, thus making it more important to observe and govern AI-based financial systems with continuous monitoring.

[bookmark: _heading=h.z4ga45lmuzzk][bookmark: _Toc218540359]D. Identification of Research Gaps
	Existing sources on the use of Artificial Intelligence (AI) in financial services show that there are a number of persistent weaknesses. Most importantly, there exists no evidence of practitioner-based, quantitative studies that have investigated the implementation and management of AI systems in actual financial institutions [11]. The gap is especially significant in terms of the UK, as the studies devoted to AI governance in the framework of the national regulations are scarce.
The lack of a unified regulatory framework in the UK, which is typified by the regulation by various authorities, has not been adequately reviewed with respect to AI implementation. Consequently, little is known about the impact of the regulatory complexity on the institutional accountability, the integration of ethics and the compliance practices. The available literature seldom considers the lack of coherent governance structures, including the legal, ethical, and technical aspects of AI or offers any experimental support for such structures.
The consequences of these gaps are considerable because financial institutions are starting to propose complex machine learning systems, which raise consumer protection, data management, and audit concerns. The research gap concerning the unavailability of UK-specific, practice-focused research is covered by this study, which reflects on how the ethical and regulatory concepts could be put into action in the UK financial services market in the context of AI governance schemes.
[bookmark: _heading=h.6bt46apyrlz7][bookmark: _Toc218536932] Table 1: Comparative Review of AI Applications, Ethical Issues, and Regulatory Gaps in Financial Services

	Application Area
	Common AI Techniques
	Key Strengths
	Ethical & Technical Limitations
	UK Regulatory Coverage
	Identified Gaps

	Credit Scoring
	Logistic Regression, Gradient Boosting, Random Forest
	High accuracy; scalable decision-making
	Algorithmic bias; opaque feature influence; discrimination risk
	UK-GDPR (automated decision-making); FCA consumer fairness rules
	Limited enforceable fairness testing; weak explainability obligations

	Fraud Detection
	Random Forest, Neural Networks, Anomaly Detection
	Real-time detection; reduced financial losses
	Black-box decision-making; high false positives; accountability issues
	FCA operational resilience guidance; UK-GDPR data security provisions
	Lack of transparency standards; limited auditability

	Automated Trading
	Reinforcement Learning, High-Frequency Algorithms
	Speed; market efficiency
	Market manipulation risk; systemic instability; low interpretability
	FCA market conduct regulations
	Insufficient AI-specific systemic risk controls

	Robo-Advisory Services
	Rule-Based Systems, Machine Learning Models
	Cost efficiency; wider access to advice
	Limited personalisation; unclear suitability logic
	FCA suitability and disclosure requirements
	Inadequate explanation of algorithmic recommendations

	AI Governance Models
	Risk-Based Regulation; Principles-Based Oversight
	Flexibility; innovation-friendly
	Fragmented supervision; inconsistent enforcement
	FCA; ICO; UK-GDPR
	Absence of a unified AI governance framework



This table presents a comparative overview of dominant AI applications in financial services, associated ethical risks, regulatory coverage, and unresolved gaps particularly within the UK context.
[bookmark: _heading=h.nym2p8ycmcqy][bookmark: _Toc218540360]E. The Novelty of the Proposed Approach
	The proposed research provides an original, innovative input to the scholarly and practical discussion on artificial intelligence in the UK financial services industry. Literature available focuses mostly on conceptual, legal or ethical debates, which are in most cases not empirically based or practically confirmed. Contrarily, this study will have a multi-layered approach to methodology, which combines qualitative enquiry, quantitative analysis, and technical development of systems [17]. This combination contributes greatly to the depth and applicability of the findings. The study provides a practice-focused, granular insight into the ethical and regulatory issues related to the use of AI, as it includes practitioner views and empirical testing. The design goes beyond the theoretical premises of the previous scholarship and brings in a dimension of evidence that adds a practical element to the debate pertaining to AI governance.
[image: ]
[bookmark: _heading=h.i1b9wiodrsps][bookmark: _Toc218536905]Fig. 4. System architecture integrating federated learning, compliance, and explainability modules
	     One of the most important contributions of this paper is that the paper has created a working prototype that integrates the attributes of Explainable Artificial Intelligence (XAI) into a financial decision-making model. The prototype added interpretability via SHAP, bias detection logic and decision-logging, and thus it transcends the preponderant emphasis considered in the current literature on performance measures like accuracy and efficiency. Although principles of fairness, accountability and transparency are often viewed in terms of concepts, little has been done to operationalise the concepts in a working AI. The prototype specifically attempts to fill that gap by transforming the ethical demands into tangible technical specifications, and the prototype provides a framework that can be transferred to different financial institutions and modified or expanded accordingly [19]. The prototype is used in an experimental format to determine how regulatory expectations, especially those posed by the Financial Conduct Authority (FCA) and the UK General Data Protection Regulation (UK-GDPR), can be incorporated within the AI systems, both at the design phase and during the deployment phase.
Using this methodological contribution, the paper specifically lays stress on the UK context, which is decentralised and undergoing change in the regulatory environment. In contrast to most of the existing literature, which takes a global view or a comparative point of view, the study is based on the situation in the UK after Brexit, where the supervisory authorities of the FCA and the Information Commissioner’s Office have overlapping and sometimes incomplete jurisdiction [16]. This national interest fills an evident gap by looking into the role of regulatory fragmentation in the governance of AI and its compliance in the real world, and thus the findings are directly applicable to the UK policymakers, regulators, and financial institutions [20].
[bookmark: _heading=h.qeq5q0ytu6rv][bookmark: _Toc218540361]F. Conceptual/Theoretical Framework
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[bookmark: _heading=h.dayapkfi7md][bookmark: _Toc218536906]Fig.5. Conceptual Framework
This study utilizes a multi-theoretical approach to elucidate how legal and ethical issues arise as a result of the application of “Artificial Intelligence (AI)” to decision-making in the UK financial sector. AI systems are deployed in complex socio-technical settings, such as failure of governance is not just based on a technical design but on an institutional and organisational set-up. In order to reflect this complexity, the framework combines Principal- Agency Theory, the Responsible Innovation Framework, and Institutional Theory.
“Principal-Agent Theory:” considers the accountability and the lack of trust on the micro-level, when automated systems are used to represent the decision-making human. The Responsible Innovation Framework identifies weaknesses on procedural level, especially the absence of structural mechanisms that implement fairness, transparency, and explainability in developing AI. The institutional Theory deals with institutional level issues and how through fragmented regulatory oversight in UK becomes apparent through inconsistent governance and enforcement.
These micro-, procedural-, and macro-level problems, as demonstrated in Fig. 5, jointly lead to regulatory gaps in AI regulation of UK finance, which in turn encourages the necessity of a comprehensive model of governance. This theoretical framework assists in the definition of gaps in research as well as the design of the AI-based fraud detection prototype.

[bookmark: _heading=h.z7r1qwv8li0t][bookmark: _Toc218540362]G. Chapter Summary and Link to Research Objectives
	This chapter has taken a critical examination of the literature on the application of Artificial Intelligence (AI) in financial decision-making and focused particularly on the ethical, legal, and regulatory impacts of the UK financial services sector. It started by defining some of the main conceptual bases, such as algorithmic bias, transparency, explainability, and regulatory accountability. These ideas lie at the core of the conceptualisation of the risks of the AI-driven decision-making system and serve as the analytical point of departure of the Research Objective 1 that discusses the current regulatory regime covering AI adoption by the UK financial market.
Based on those theoretical foundations, the chapter has addressed the predominant theoretical frameworks applied in examining AI ethics, such as Responsible Innovation, Socio-Technical Systems Theory, and risk-based regulation methods. Those views explain the interaction of technological development with the institutional role, expectations of society, and regulation. Their combination informs the purpose of the research, Objective 4, by giving it a theoretical foundation to present more coherent, ethically based regulatory approaches that can deal with the arising risks of AI application.
After considering the theories of governance, the chapter explored existing methodology in artificial intelligence applications in the financial industry, specifically, credit scoring, fraud detection, and automated decision-making. This discussion has identified thorny issues in the form of model obscurity, prediction versus elucidation trade, restricted measure of fairness audit, and uneven enforcement of regulations. These methodological and governance constraints form the basis of Research Objective 2, which aims to determine shortcomings in the existing regulatory surveillance systems.
The chapter also established that there are a number of critical research gaps in the literature. There is a lack of UK-specific empirical research, practitioner to research, and the absence of prototype research where the principles of fairness and transparency are operationalised through the use of Explainable AI methods. The importance of de-gapping these is with regard to comprehending the way in which AI systems operate in the real world and how regulation and moral concerns can be incorporated successfully. As a result, these sources drive Research Objective 3, which examines applicable issues of UK financial institutions, and Research Objective 5, which entails the development and testing of an AI-based model of fraud detection in the UK.
[bookmark: _heading=h.qfr73alre7db][bookmark: _Toc218540363]III. METHODOLOGY

[bookmark: _heading=h.sxeoxh5g2ijp][bookmark: _Toc218540364]A. Research Design
1. Overall Research Approach
The research design followed in this study is that of design-based research based on the secondary source analysis, supplemented by creating a technical artefact. The study is mostly secondary in format since it relies on current academic, regulatory, and industry literature to examine ethical AI governance in the UK financial services industry. The insights gained with the help of this analysis are then operationalised by designing and implementing a prototype AI-based fraud-detection model. The identified methodology is suitable since the research is not a mere quest to explain the existing regulatory and ethical environment but also to show how these principles can be effectively incorporated into an actual financial technology solution.
2. Components of the Research Design
The research design has two parts that are inseparable and which manifest in unison. To begin with, secondary data is to be collected in the form of a systematic review of academic literature, regulatory frameworks, policy documents, case studies and official publications issued by UK financial regulators, as well as by industry organisations. Such sources offer regulatory, ethical, and technical approaches to AI regulation in the financial services. Second, the prototype development transforms information gained in the course of the secondary analysis into designing an AI-based fraud-detection system. Ethical standards, such as in terms of fairness, transparency and accountability that are observed in the literature are translated to model design decisions, evaluation criterion and system architecture directly to ensure that theory is matched with practice.
3. Justification for Methodological Choice
The chosen methodology is close to the research objectives. The interpretation of regulatory schemes and ethics requires the involvement of the available documentation, policies, and empirical investigations, so secondary data analysis becomes inevitable. Moreover, the conceptual discourse on the implementation of ethical AI requirements in practice is not enough because it focuses on the creation of the technical artefact. The purpose of the fraud-detection prototype is to demonstrate how regulatory and ethical issues can be incorporated into the design of the system, and, in this way, an applied analysis of the feasibility and effectiveness can be conducted. The practitioner insights are considered in the form of regulation reports, case studies of the industry, and professional guidelines, which embrace actual practical operating conditions and expectations.
4. Benefits of the Secondary Data Collection Methods Approach
The secondary data approach facilitates methodological triangulation since it enables comparison of the academic studies, regulatory guidelines and industry practices to make the findings more valid. The consistency of regulatory documents with theoretical analysis and prototype application is critical to the proper alignment of the conclusion, thus being both theoretical and practical to a study. As the conceptual and regulatory background, secondary sources offer, the prototype development fills the gap between theory and practice, showing how the ethical AI principles could be applied to overcome the real-life problems in the field of financial fraud detection.

[bookmark: _heading=h.kc8uwswbnsjs][bookmark: _Toc218540365]B. System Development or Experimental Approach
1. Selected Development Methodology
An iterative prototyping approach is used to develop the prototype, and this is in line with the exploratory and research-oriented character of the work. The iterative prototyping approach stands in contrast to the waterfall or agile approaches, which are usually focused on requirements that are stable or those that can be deployed commercially, and allows conceptual validation and constant improvement. The approach is also appropriate due to the focus on showing how AI principles of ethical practices can be systematised instead of providing a workable solution. Repeat cycles enable decisions to be constantly informed and improved with the knowledge gained throughout the research process, based on understanding secondary literature and regulation analysis, moulding a strong correlation between the theoretical framework and the technical implementation. [21].
2. Development Process Stages
The development flow has a series of interrelated steps that, in totality, contribute to the building of an explainable and ethical AI prototype. It starts with the requirements gathering step, in which regulatory frameworks, scholarly literature, and industry reports are reviewed to determine major ethical and governance requirements applicable to AI-based fraud detection [22]. There are remaining holes within existing financial systems, especially when it comes to algorithmic bias, less-than-ideal transparency, and lax accountability mechanisms. System requirements focus on equality between demographic groups, clarity in decision logic, responsibility for the consequences of an algorithm, and the ability to explain the predictions.
Based on these requirements, a system design phase renders the requirements into architectural and algorithmic choices. The prototype architecture has been designed so as to provide traceability and interpretability in such a way that gives the models that can be understood by human beings a higher priority as opposed to the black-box models. The aspect of explain ability directly determines the choice of algorithms and the design of the system, such as the data pre-processing pipelines, model training portions, prediction architectures, and display interfaces to be provided to users that convey the output effectively. The implementation step converts the design into the codebase of the model and related Python code by choosing Python because of its large machine learning and data analysis packages. Explainable AI technologies are proactively implemented as a part of the development process instead of hindsight to make transparency an essential part of the system.
Testing and assessment will then be used to determine that the prototype is able to achieve its ethical goals. The bias of model behaviour is tested on groups of demographics, how well the explanations are generated, and performance norms of accuracy and precision. These are necessary measures required to balance between ethics and compliance, functionality and contribute directly to the purpose of the research. Refinement and validation are the last steps in which test results are improved to change the system iteratively. The validation is realised when the prototype is continuously shown to be in line with the established ethical principles and regulatory standards. These steps ensure the consistency of the entire process, whereby the idea of ethical AI is conceptualised into a working, understandable prototype of a fraud-detecting system.

[bookmark: _heading=h.o11i416gxi1k][bookmark: _Toc218540366]C. Tools, Technologies, and Datasets
Secondary Data Analysis Tools
The analysis of secondary data is backed by using both the structured document review and reference management tools. Synthesis of academic literature, regulatory publications and industry case studies is realised by use of word processing software, and allows to conduct comparative analysis on the levels of ethical, regulatory, and technical [23]. Spreadsheet software is helpful in arranging the themes and regulatory requirements pulled out and citation management software such as Zotero or Mendeley are employed to mechanically monitor the sources and ensure appropriate referencing correctly all through the research procedure. These tools are co-operative, as they enhance the rigour of analytical processes because they guarantee the evidence traceability and the uniformity of interpretation as opposed to the organisational assistance.
Programming Language and Core Framework
Python can be the chosen primary language to use in developing the prototypes because it is widely used in the field of data science and machine learning studies. Its eco-system allows quick prototyping at the same time, being transparent and repeatable. Core libraries are specifically used in the development pipeline. “Pandas” is used in structured data manipulation and pre-processing, which allows effective cleaning, transformation of transactional data as well as inspection [24]. “NumPy” is used to perform number computation and matrices that are needed in executing machine learning algorithms. “Scikit-learn” is a powerful model development, training, and evaluation framework with well-documented and interpretable implementations that can be used in research-focused ethical AI systems.
Machine Learning Algorithm Selection
The choice of algorithm relies on the necessity to find the optimal balance between predictive performance and the interpretability that is the key consideration in the ethical and regulatory compliance of financial AI systems. The use of the Logistic Regression is due to the fact that the coefficients can be directly interpreted to comprehend the effects that individual features on the prediction and hence satisfies both the transparency and explainability criteria. Random Forest models are included to enhance the predictive accuracy and at the same time, to be able to analyse importance of features. This provides a combination of being able to compare simpler, more interpretable models to more complex ensemble methods which is in line with accountable choices in decision-making as expected by the regulations.
Visualisation and Explainability Tools
Visualisation and explainability tools are used to investigate model behaviour and outcomes to make the processes more transparent. Data distributions, model performance metrics, and possible bias patterns are visualised using Matplotlib and Seaborn, which is helpful to communicate the results to the technical and non-technical stakeholders. “SHAP” is incorporated to furnish instance-grade illuminations by gauging the aid of singular features to particular forecasts. This is a direct benefit of regulatory principles of explainability and justifiability in the automated decision systems.
Dataset Description and Source
The prototype development dataset is taken in reference to the Kaggle platform which is a platform of openly accessible datasets that can be used to carry out research and experiment. The dataset includes financial transaction data that will aid in fraud detection, such as the value of transaction, date of transaction, merchant for the transaction, the characteristics of the customers and that of fraudulent or genuine activities [25]. This study is suitable using publicly available data because the actual data of financial institutions is sensitive and access is limited. The dataset is, however, limited by such factors as a possibility of synthetic nature and lack of UK specific regulation properties [26]. In spite of these limitations, it is applicable in showing the ethical AI principles in a controlled research prototype.
Data Pre-processing Techniques
Pre-processing of the data is an important procedure that indicates reliability of models, fairness, and transparency. The issue of missing values is handled by means of imputation or deletion according to their distribution in order to avoid a biased learning. Numerical representations are used to encode categorical variables so that algorithms can be compatible and numerical features are normalised and standardised to ensure that scale dominance is not a problem during training. The data is then divided into training and testing sets so that it can be allowed to perform independently on the unknown data [27]. The feature engineering also increases the explanatory power by creating time-based variables, ratio measures and condensed transaction statistics. Pre-processing pipeline is well-documented to promote the reproducibility and transparency of data transformation effects on the model behaviour to support ethical responsibility in system development.
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Functional Requirements
The functional requirements include the essence of what the prototype should be able to do to address the research objectives. The system should be able to detect the fraud or genuine financial transactions with accuracy level that is suitable to the experimental research prototype [28]. It is required to produce explanations to each prediction which means that it should show the features that most significantly contributed to the outcome of classification, hence it has to be interpretable. The prototype should also be provided with bias testing capability, which will allow checking the patterns of prediction of various demographic properties or classes of transactions. Besides this, the system should show the confidence scores related to predictions in order to show the degree of confidence of the model. Findings should be displayed using an easy-to-use interface that can be understood by a non-technical stakeholder, such as a compliance practitioner or a regulatory auditor.
Non-Functional Requirements
Non-functional requirements specify quality attributes and constraints of the system. Transparency is one of the main requirements, which means that the process of making decisions is not hidden behind a fog of obscurity, but is rather transparent and comprehensible. Fairness demands that the model does not advantage certain people or groups of people based on their particular characteristics that are safeguarded. A batch-based analysis is supposed to be adequate with regards to performance, understanding that real-time responsiveness is not a concern to a research prototype. Maintainability is handled with clear documentation and code structure module to facilitate additional and future modification. Scalability is viewed at a small scale where the system is expected to serve moderate amount of data but not on a production scale.
System Architecture
The system architecture is a modular design where there is interaction of components in a coherent processing pipeline. The data is fed out of an ingestion module which loads and validates transaction data into a pre-processing component which cleans, transforms and engineers features. The processed data is then sent to the model training module which trains and implements the chosen machine learning algorithms. The trained model is used in the prediction module to categorize new transactions, and the explainability module is used to draw feature level interpretations with SHAP and similar methods. Predictions, confidence scores, and explanations are provided in a friendly format as a result of visualisation and user interface tools so that the system outputs are easily communicated.
Design Rationale and Ethical Alignment
The research objectives and ethics associated with AI are the ones that inform design decisions directly. The tendency to use interpretable models as opposed to very complex methods indicates the regulatory focus on transparency and explainability. Accountability through SHAP integration makes the system operative as it creates justification of individual decisions. The modular design affirms the iterative refinement and concurs with the exploratory process of the research [29]. The bias testing mechanisms and transparency Fairness in a logical form is executed by means of explainable outputs and accountability by providing detailed logging and tracing decision paths. Together, the system requirements, the architecture, and the rationale of the design guarantee that the prototype can serve as a real-world demonstration as well as the research tool to analyse the ethical implementation of AI in the financial services.
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A.1 Overview of the Implementation Pipeline
This implementation is based on a systematic end-to-end machine learning pipeline that incorporates the analysis of data, ethical assessment, model creation, and deployment of the system. This pipeline is designed to ensure that it operationalises considerations of transparency and fairness. Python is deployed as the main development environment because it offers an expansive data science, machine learning, and explainable AI.
A.2 Data Loading and Initial Inspection
The first step is to install the necessary python packages to support data manipulation, visualization, machine learning, fairness assessment and explainability. 
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[bookmark: _heading=h.fbsd0sqhzh76][bookmark: _Toc218536907]Fig 6: Loading and Viewing the Dataset
Loading and viewing the dataset helps identify data quality issues including missing values or inconsistencies and verify correct data is imported and understand its structure. “pd.read_csv” loads the CSV file into a pandas DataFrame and enables data manipulation and analysis. The “.head()” is used to inspect the feature values and data types and identifying data quality issue before pre-processing and model training. 
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As illustrated in Fig. 7, data inspection examines dataset metadata, verifies data types, and detects null values prior to pre-processing. Data inspection ensures schema validation and compatibility before pre-processing and model training.
A.3 Data Cleaning and Exploratory Analysis
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Identify distribution patterns, variability and potential anomalies are analysed in the summary statistic before normalization and model training. Descriptive statistics, dispersion and range of numerical features are implemented through data.describe() function.
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Data Cleaning & Preparation transfer raw data into a structure and machine learning model format by removing irrelevant functions, detect missing to improve model accuracy. Convert date string to datetime by using pd.to_datetime(), drop() removes irrelevant features and data.isnull().sum() detects null values.
A.4 Feature Engineering and Proxy Target Construction
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[bookmark: _heading=h.7yfb4ax42sc4][bookmark: _Toc218536911]Fig 10: Feature Selection and Risk Proxy Target Contribution
Feature section is performed through extracting financially and behaviourally relevant features which contribute to risk assessment. A proxy risk target is created to simulate fraudulent or high-risk behaviour due to the absence of explicit fraud labels in the dataset. The np.where() apply a conditional where transaction value is above 0.75 quantile and profit is below the median is as risk_flag. Risk_flag defines thresholds which help to identify abnormal patterns without subjective bias.
A.5 Fairness Proxy Design and Justification
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A demographic proxy of loan approval rate is created to measure fairness without the need of protected personal attributes. The rates of approving the loan are clustered during the median of the dataset to establish the proxy categories in which the data compared. This strategy has been chosen in order to stay within data protection and ethical limitations typical of financial data sets. Although these proxies do not represent all the aspects of demographic bias, offer a feasible and legally valid way of fairness estimation in the conditions of real-life constraints.
A.6 Data Scaling and Model Training
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[bookmark: _heading=h.2qhji85zktyy][bookmark: _Toc218536913]Fig 12: Train–Test Splitting & Scaling
	The dataset is divided into training and testing subsets using train_test_split to evaluate model performance and scaler standardize feature value. Standardscaler()  used to normalize features and improve models faster and more reliably. The train_test_split() splits the dataset into testing and training sets to make fairness analysis across approval groups.
A.7 Model Evaluation and System Deployment
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	Model performance is evaluated using accuracy metrics, confusion matrices, and classification reports. After evaluation, trained “Random Forest model” and related scaler is stored to ensure the consistency between the training and inference phases. Flask framework is used to deploy the final model as it is as illustrated in Fig. 13. The user inputs are obtained through a web interface, converted into suitable format, scaled based on the original parameters and inputted into the trained model to undergo the inference. The system outputs a binary risk classification alongside a probability score, transforming the pipeline into an interactive decision-support prototype.

[bookmark: _heading=h.prmgyvdyxb68][bookmark: _Toc218540370]B. Challenges encounter and solutions adoption
During the implementation several technical, data-related, and methodological challenges occurred. The most significant of all is the lack of real-world fraud labels as the access to actual data is restricted due to privacy and regulatory constraints. Overcoming the mentioned challenge, a risk proxy target is implemented which is realized through the application of statically derived thresholds based on transaction volume and profitability. The method allows the application of supervised learning while unfolding transparency. Evaluating bias without sensitive demographic attributes is another challenge. Mention challenge is restricted in financial datasets both ethically and legally. This limitation is circumvented by the introduction of a demographic proxy based on loan approval rates. Demographic proxy allows for fairness assessment through demographic parity and equalized odd metric without violating data protection principles.
The need for balancing model accuracy and interpretability is also a challenge. Complex models offer greater predictive performance, yet they do not provide transparency. The problem of transparency is addressed through the use of Logistic Regression for regulatory explainability along with Random Forest for better accuracy which is supported by SHAP based explainability techniques. Aiming for consistency between training and deployment is yet another technical challenge. The mention challenge countered by the persistence of the trained model and scaler through joblib. The combination of fairness and explainability leads to a rise in computational complexity. The design of the system is made modular and uses of libraries is kept to the most efficient one in order to keep up with performance and scalability.
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Test Case 1:
Explanation
This test case evaluates the system’s ability to correctly process valid numerical financial inputs and generate an accurate high-risk classification along with an associated probability score. It verifies the correct integration of the trained machine learning model with the user interface and confirms that prediction and probability outputs are displayed as expected.
	Test Case ID
	TC001

	Test Case Title
	Successful Financial Risk Prediction with Valid Input

	Objective
	To verify that the system correctly predicts financial risk and displays the corresponding probability when valid numerical inputs are provided.

	Preconditions
	The Flask application is running.
The trained Random Forest model and scaler are correctly loaded.

	Test Steps
	Open the Financial Risk Prediction web application.
Enter valid numerical values for all required input fields.
Click the Predict Risk button.

	Test Data
	Transactions = 180
Market Sentiment = 0.198904571
Stock Price = 66.34558583
Revenue = 64704.82028
Loan Approval Rate = 0.712018169
Expenses = 34739.3949

	Expected Result
	The system displays Predicted Risk: High Risk.
A risk probability value is displayed (88.50%).

	Pass/Fail
	Pass

	Comments
	The model generated a high-risk classification with a clear probability score.
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Test Case 2:
Explanation
Test case 2 assesses the system’s ability to correctly evaluate transactions with moderate financial indicators and classify them as low risk when no strong high-risk patterns are present. It verifies that the model can distinguish borderline conditions from genuinely high-risk scenarios and produce a probability score that reflects uncertainty rather than extreme risk.
	Test Case ID
	TC002

	Test Case Title
	Financial Risk Prediction with Moderate Financial Indicators

	Objective
	To verify that the system correctly classifies a transaction when financial indicators are moderate and not strongly associated with high-risk patterns

	Preconditions
	Flask-based Financial Risk Prediction application is running
Trained Random Forest model and scaler are successfully loaded

	Test Steps
	Launch the Financial Risk Prediction system
Enter the financial indicators provided below
Click the Predict Risk button

	Test Data
	Transactions = 172
Market Sentiment = 0.302250359
Stock Price = 78.55104487
Revenue = 27962.21496
Loan Approval Rate = 0.71554031
Expenses = 34739.3949

	Expected Result
	The system displays Predicted Risk: Low Risk 
Risk Probability of approximately 47.50%.

	Pass/Fail
	Pass

	Comments
	The prediction reflects borderline risk conditions, demonstrating the model’s ability to differentiate between moderate and high-risk scenarios.
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Test Case 3:
Explanation
Evolution of test case 3 focus on the system’s ability to correctly identify low-risk scenarios when financial indicators reflect strong market confidence, stable loan approval rates, and healthy operational performance. It verifies that the model does not overestimate risk in favourable conditions and assigns a low-risk classification with minimal probability.
	Test Case ID
	TC003

	Test Case Title
	Financial Risk Prediction with Strong Market Confidence and Stable Financial Performance

	Objective
	To verify that the system correctly classifies an input as Low Risk when market sentiment is strong, loan approval rates are stable, and financial indicators reflect healthy operational performance

	Preconditions
	Financial Risk Prediction application is active 
Random Forest model and feature scaler are properly loaded

	Test Steps
	Open the Financial Risk Prediction system
Enter the financial values listed below into the input fields
Click the Predict Risk button

	Test Data
	Transactions = 84
Market Sentiment = 0.784509153
Stock Price = 106.20641
Revenue = 45185.5791
Loan Approval Rate = 0.738232917
Expenses = 28526.98393

	Expected Result
	The system outputs Predicted Risk: Low Risk 
Risk Probability of 0.00%

	Pass/Fail
	Pass

	Comments
	The output confirms that strong sentiment and balanced revenue–expense ratios significantly reduce predicted risk, validating the model’s conservative risk assessment behaviour
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Test Case 4:
Explanation
This test case examines the system’s ability to handle conflicting financial indicators by assessing a scenario with high transaction count but elevated operational costs. It verifies that the model appropriately evaluates borderline conditions and avoids misclassifying the case as high risk when opposing factors balance overall financial exposure.
	Test Case ID
	TC004

	Test Case Title
	Financial Risk Prediction with High Transaction count and Elevated Operational Costs

	Objective
	To evaluate whether the system correctly identifies Risk outcome when transaction count is high but operational expenses exceed revenue, resulting in a borderline risk probability

	Preconditions
	Financial Risk Prediction application is running successfully
The trained Random Forest model and associated scaler are loaded and functional

	Test Steps
	Access the Financial Risk Prediction system interface
Input the financial values specified below
Select the Predict Risk button

	Test Data
	Transactions = 300
Market Sentiment = 0.15
Stock Price = 150
Revenue = 30000
Loan Approval Rate = 0.40
Expenses = 45000

	Expected Result
	Predicted Risk: Low Risk 
Risk Probability of approximately 49.50%

	Pass/Fail
	Pass

	Comments
	This test case demonstrates the model’s ability to handle conflicting indicators, such as high transaction count and elevated expenses, without misclassifying the case as high risk


[image: ]
[bookmark: _heading=h.h47fz3rru9eg][bookmark: _heading=h.3bk134d2tqrf][bookmark: _Toc218540373]B. Experimental Results and Performance Evaluation
B.1 User Interface and System Output Interpretation
The financial risk prediction interface is an organized and easy-to-use platform on which the financial risk indicators are assessed. Input variables are properly organized, including transaction count, market sentiment, stock price, revenue, loan approval rate and expenses, which facilitates the entry of data consistently. The system provides a categorical representation of the risk (high or low risk) in addition to a corresponding probability score, which increases the interpretability, as understood by non-technical users.
This design facilitates transparency through the process that abstracts complex model computations into interpretable outputs. Although the interface allows assessing almost in real-time, it is important to state that the responsiveness is determined by the size of datasets and the environment of deployment, which can be a limitation in production.
B.2 Exploratory Data Analysis and Feature Relationships
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Figure 14 illustrates the loan approval rate over time, showing moderate short-term fluctuations but no sustained downward trend. This pattern suggests relative stability in lending practices during the observed period. These trends should be interpreted cautiously, as approval rates can be influenced by external economic or policy factors not captured in the dataset.
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[bookmark: _heading=h.l9to5kj470z8][bookmark: _Toc218536916]Fig 15: Scatter Plot of Transactions vs Market Sentiment
The scatter plot of the transaction count per market sentiment is shown in Figure 15 indicating no close relationship. Dispersion suggests that alone transaction count does not determine the variation in market sentiment. The value is indicative of correlation, which implies that there is a possibility that other macroeconomic or behavioural sets of factors can affect sentiment without transaction activity.
[image: ]
[bookmark: _heading=h.ai3jlb82dbe6][bookmark: _Toc218536917]Fig 16: Correlation Matrix of Key Financial Indicators
The correlation coefficient between key financial indicators is generally low as shown by the correlation matrix in Fig. 16, which demonstrates that there is limited multicollinearity. It helps in maintaining the stability of the model and also it shows the justification of incorporation of several features since each one is carrying different information but not redundant signals.
B.3 Financial Performance Trends
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Figure 17 illustrates revenue, expenses, and profit over time. Revenue consistently exceeds expenses, resulting in sustained profitability throughout the observation period. Although trend indicates that the dataset is financially stable, it does not mean that profitability leads to reduced risk outcomes. Rather it indicates that past financial results can be a powerful predictive indicator, when integrated with other indicators.
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The distribution of loan approval rates is skewed towards the higher values. This indicates a favourable lending environment generally in the data set. However, skewness can be biased because it underrepresents low-approval situations which can limit the generalisation of the model to more restrictive credit.
B.4 Logistic Regression Model Performance and Explainability
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The evaluation results in Fig. 19 indicate strong overall performance, reflected by high classification accuracy which signifies good classification ability. Precision and recall indicate that the identification of the low-risk cases is reliable, and the relatively low recall of higher-risk cases demonstrates that improvements should be made. Balanced weighted means implies consistency in performance of classes even when there is an imbalance. These metrics substantiate the use of logistic regression as one that is convenient and suitable to forecast the baseline financial risk, as well as displays possibilities of improvement that can be made by using threshold tuning or ensemble techniques.
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[bookmark: _heading=h.yv8e5f7yc3s4][bookmark: _Toc218536921]Fig 20: Confusion Matrix of Logistic Regression Model
The confusion matrix can be used to clearly visualize the classification results through comparison of predicted and actual classes. There should be many true negatives which shows that it is capable of being accurate in the identification of low-risk situations. They still have false positives and false negatives, which are trade-offs of risk-sensitive models. The comparatively smaller ascertained positive true number outlines the difficulties in ascertaining high-risk cases, which could necessitate economically delicate learning or add feature enrichment.
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The model coefficients table shows the estimated weights of a learned logistic regression model on the selected financial features ordered by the magnitude. Transaction count is the most significant variable, with a large and positive coefficient, so higher transaction count has a powerful impact to produce the positive category that in this case involves high financial risk. “LoanApprovalRate” and “MarketSentiment” also have positive coefficients such that most signs of good lending opportunities and positive market image indicate high expected risk, but their impact is relatively small. 
The coefficient of “Revenue” and “StockPrice” is small and negative which shows a weak risk-mitigating effect, as the values grow, is a sign of the better performance of the firm and the trust in the stock. The negative coefficient of expenses suggests an association with lower predicted risk, potentially reflecting structured investment or cost-management behaviour.
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[bookmark: _heading=h.gar77mj8s2iz][bookmark: _Toc218536923]Fig 22: Feature Influence of Logistic Regression Model on Financial Risk Classification
The horizontal bar chart represents itself as the relative impact of the financial features through the logistic regression coefficients. The dominant part of the model is transactions and it is evident that the positive bar of the transactions is significantly larger in case of prime risk classification results. It implies that the intensity of transaction is one of the key indicators of determining financial risk patterns. 
“LoanApprovalRate” and “MarketSentiment” have positive values but significantly lesser creating supportive but secondarily influential values to the model predictions. Expenses is one of the worst contributors which has the highest negative impact on the risk probability and may indicate a structured spending or cost management programme related to control. “Revenue” and “StockPrice” exhibit low effect as their bars are almost zero which indicates the lack of incremental information in the distinction of risk given that the other variables are incorporated.
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[bookmark: _heading=h.v7mq7vm59oy2][bookmark: _Toc218536924]Fig 23: Fairness Assessment of Logistic Regression Model
The measures of fairness point to the moderately high level of demographic parity and equalized odds difference. According to these values, the predictions differ between sensitive groups, albeit not too much. The findings point to the fact that fairness-informed tuning, including threshold tuning or bias reduction methods are needed to minimize differences but not impact predictive quality.
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[bookmark: _heading=h.dlrkn08ptlvq][bookmark: _Toc218536925]Fig 24: SHAP-Based Explainability of Logistic Regression Model Decisions
“SHAP” distribution reveals that transactions are strongest in the prediction and expenses and revenue second and third respectively. Good and bad comments are distinctly separated making transparency much better. The analysis illustrates how the individual features drive the decisions to be relatively more or less risky that makes them interpretable and trusted by the stakeholders.
B.5 Random Forest Model Performance and Fairness Trade-offs
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The performance metrics are high and of high precision on most classes. The recall among the minority group is relatively lower implying that there could be an effect on the imbalance between the classes. The analysis reveals the strong points of the model and in the process pinpointing learning opportunities in resampling or cost-efficient learning approaches.
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The results of the prediction depict that there are very many non-risk cases being properly classified and fewer cases of correctly detecting risks. There are also misclassifications in both classes, which highlight the trade-off between the false positives and false negatives. The matrix has given a good understanding of the operational risk implications and the distribution of errors.
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The values of numerical importance show that the transactions are the most predictive variable then the expenses and the revenue. Less impact of market sentiment and loan approval rate indicates the lack of impact. This ranking helps in feature selection, dimensionality reduction, and prioritisation of the most relevant variables in the financial risk assessment.
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[bookmark: _heading=h.kan8qsb6zn1s][bookmark: _Toc218536929]Fig. 28. Feature Importance Analysis of Random Forest Model for Financial Risk Classification
The bar representation supports the dominance of transaction-related variables, with the importance of the rest of the features significantly declining. This type of distribution confirms the existence of a small set of inputs which are the source of the majority of the decisions and helps with the explainability as well as provides the specialized data quality control to the high-impact attributes.
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[bookmark: _heading=h.p7ffyywxuiyc][bookmark: _Toc218536930]Fig. 29. Fairness & Bias Metrics of Random Forest Model
The outputs of fairness are more demographically comparable and with equal odds differences than logistic regression. These values show increased performance differences among sensitive groups. The results highlight the need of fairness testing with regard to the ensemble models, especially where high stakes financial decisions are to be made.
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“SHAP” summary shows that transactions are the most important features and have definite directional influence. Interactions of features seem more complicated than linear models are, which is an ensemble behaviour. It can be explained in a way that enhances transparency because it enlightens how the different feature values jointly influence the prediction outcomes of the different observations.
B.6 Alignment with Research Objectives and Limitations
The findings are directly related to the research aim of the performance, explainability, and fairness of financial risk models based on AI. The comparative analysis shows that interpretable models can attain regulatory transparency, yet more complicated models can make stronger predictions at the expense of fairness and accountability threats. Logistic regression is more transparent and better suited to regulation, whereas the performance of random forest is better with the risk of reduced fairness regarding the transparency and regulatory appropriateness.
The major drawbacks are associated with using proxy targets, unequal representation of classes, and the predisposition of datasets in favour of favourable lending environments. These restrictions indicate that additional research should consider incorporation of real-world labels, fairness-constrained learning and validation over a long period before it can be applied in practical financial architecture.

[bookmark: _heading=h.9bmjhktjkpqd][bookmark: _Toc218540374]C. Discussion and Critical Analysis
The experimental findings reveal that logistic regression and random forest are both feasible methods to predict financial risks, but the two models vary significantly in their interpretability and predictive ability as well as fairness behaviour. These differences directly address the study’s research questions concerning how AI models can be deployed responsibly within financial decision-making environments.
Logistic regression is an interpretable baseline model as viewed through an interpretability lens. Its coefficients have a clear implication of the direction and the strength of each feature to risk outcomes, reflective of regulatory requirements to explainability and accountability in financial services [30]. But the model has lower recall on the high-risk cases which shows that the model is not very sensitive to the complex non-linear trends of financial data. This limitation lowers its efficiency in being able to detect rare yet decisive risk events.
Random forest model has a better overall predictive accuracy because it absorbs non-linear relationship as well as feature interactions that the linear mode of prediction fails to reflect [31]. This strength enhances the level of performance in detecting a case that is low-risk whereas failing to completely address the issue of detecting a minority high-risk case. This is limited by class imbalance in the dataset, which points to the fact that the traditionally used metrics of accuracy can obscure operational risk. False negatives translate to serious financial and reputational risks in real-life financial situations, showing that cost-sensitive consideration is vital instead of performance gauges alone.
Analysis of feature importance and SHAP-based explanations have similar patterns within both models, with transaction-related variables having the greatest level of impact on predictions of risk [33]. This observation is realistic financial behaviour meaning that the intensity of transactions is a source of exposure or a lack of stability. The domination of a few features however presents some fragility in case the transaction behaviour adapts to economic shocks or policy interventions. This highlights the need to have a constant monitoring and adaptive features validation.
The Fairness evaluation determines that there is evident trade-off between predictive performance and equity. Although logistic regression shows relatively smaller differences for demographic proxy groups, the random forest model shows greater differences in demographic parity and equalised odds [34]. This is due to methodological limitations using proxy risk labels and a demographic proxy reflects or is based on loan-approval rate, which are vulnerable to latent and intersectional bias in their entirety. Also, the favourable lending distribution in the dataset restricts the ability to generalise it to more stringent credit conditions.
The results indicate that there is no single model, which allows maximising interpretability, fairness, and predictive performance, simultaneously. In order to apply to the real-world financial risk assessment, it means that the institutions must use contextual model selection, which might use interpretable baseline models alongside fairness-constrained ensemble methods. This kind of practice can facilitate the deployment of AI responsibly, through a balance between respect to regulation, ethical factors, and the effectiveness of operations.
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[bookmark: _heading=h.oe94e3zecu4g][bookmark: _Toc218540376]A. Summary of Findings
The deployment and evaluation of artificial intelligence–based decision-making systems demonstrate that predictive performance, transparency, and fairness can be effectively balanced in financial risk prediction through a systematic and ethically aligned development approach. The findings demonstrate that a systematic and ethically aligned development approach can successfully operationalise research objectives. Designed end-to-end machine learning pipeline incorporates data pre-processing, proxy target generation, model training, evaluation, and deployment to produce a working prototype that can infer risks in real-time. This relied on the use of a statistically defined risk proxy, an effective method to overcome the inexistence of explicit fraud labels to undergo supervised learning without prejudging the methodology or exhibiting subjective labelling. The results of this finding directly answer how ethical and regulatory pathways can be overcome in the practical design of AI systems.
Analysis of comparative models highlights that logistic regression is more interpretable and regulator friendly, as its explanations are more transparent and based on its coefficient, whereas random forest is more predictive as it grasps complex non-linear financial trends. This trade-off provides the appropriateness of various AI models to financial decision-making under regulatory and ethical limitations. At the feature level, the variables that keep on appearing as the strongest predictors of financial risk are always the relationship to transaction, which validates the practical applicability of the same in risk assessment. The imbalance in classes and insufficient identification of the minority high-risk cases underscore the necessity to view the measures of accuracy with caution. Measurement of fairness based on a loan-approval-rate demographic proxy indicates the existence of quantifiable inequalities across groups and proves that predictive performance is not a sufficient measure to guarantee equitable results. These findings support the relevance of incorporating equity indicators when using standard performance indicators.
The performance of this study is restricted by use of proxy labels, proxy demographic factors as well as a publically available dataset which might not be a complete mirror of actual financial settings. The implementation of a successful prototype using Flask shows that the ethical principles of AI, such as fairness, explainability, and usability, can be balanced in the context of a practical and scalable decision-support system.
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This study has a number of valuable contributions to the study of ethical and explainable machine learning on financial risk assessment through the integration of methodological rigor, practice, and responsible AI principles in a single framework. Among the most significant contributions can be taxed the design and implementation of an end-to-end machine learning pipeline that combines data pre-processing, proxy target generation, fairness assessment, explainability, and deployment. The study helps in sealing the gap that exists between theoretical debates of the concept of an ethical AI and practical system development by showing how these elements can work together.
One of the main methodological contributions is that a statistically defined risk proxy is utilized to solve the lack of explicit frauds or high-risk labels. There are often no ground-truth labels in the financial data because of privacy, confidentiality, and regulatory issues. The proxy target, which was based on quantiles of transaction count and median profits, facilitates supervised learning without the use of its subjective judgment and delicate data. The method gives a reproducible and clear strategy which can be applied to related fields where labelled data is either unavailable or sparse, as a viable alternative to a strictly unsupervised method.
The other significant contribution is that it proposes a demographic proxy which is determined by the rate of loan approval without having to use any personal or protected characteristics. The method is not only within the limits of law and ethics typical of financial settings but it is also possible to consider demographic parity and equalized odds. The operationalization of the analysis of fairness under these limitations makes the study a viable framework of the assessment of bias without violating the principles of data protection and regulatory promptness, which allows dealing with an essential challenge associated with financial institutions.
The comparative analysis of the models of logistic regression and random forest do help to shed some light on the trade-offs between interpretability and predictive performance. “Logistic regression” is a clear and simple baseline that can be reviewed by the regulator, whereas “random forest” incorporates complicated, non-linear associations that enhance the accuracy in classifying. The research shows that these models can be placed strategically in one system with the “SHAP-based” explainability to achieve the balance of accountability and performance. This two-model approach pushes the knowledge forward about the way institutions can embrace the sophisticated models without compromising the need of explanation.
The study makes a contribution in the form of a deployable prototype that converts offline machine learning experiments into the form of an operational user-interactive system. Model and scaler persistence are used to provide consistency between training and inference, which is a challenge in applied machine learning that is not widely recognized. The implementation using a lightweight web framework presents what makes possible successful deployment of ethical and explainable models in decision-support tools instead of still being an academic abstraction.

[bookmark: _heading=h.556twsc28ny][bookmark: _Toc218540378]C. Recommendations and Future Work
Following the results of this research, a number of recommendations are proposed to make machine learning financial risk evaluation systems more effective, robust, and ethically compliant. The recommendations are divided into four major themes, namely, data quality, model development, fairness and explainability, and deployment and governance.
Data Quality and Label Availability
One of the major recommendations is incorporation of real, institution-authenticated fraud or default label where possible. The use of proxy targets in this research was required because of the limitation on the access of the data; the availability of verified labels would decrease the usage of proxies and enhance the detection of high-risk cases. Other laboratory related techniques that might be considered where full labelling is not feasible may include the semi-supervised or active learning methods to ensure refining the proxy-based supervision without compromising on the transparency. The practicality of such recommendation lies in the institutional commitment to exchange anonymised data and adherence to data protection laws.
Model Development and Risk Sensitivity
The research shows that there are some persistent issues connected to the imbalance between classes and identification of the minority high-risk situations. Future research must then explore cost sensitive learning, decision-threshold optimisation and resampling methods including SMOTE to minimize the false negatives without excessively boosting the false positives [36]. Inclusion of temporal and sequence-based elements can suggest strong predictive capabilities because it modifies the volatile characteristics of financial behaviour. These are methods that are technically capable but can augment the complexity of the models and cost of calculation.
Fairness Evaluation and Bias Mitigation
The studies of the future must extend the assessment to include predictive parity and error-rate balance even though initial fairness information could be obtained through demographic parity and equalised odds. Controlled experiments with anonymised or synthetic sensitive attributes tested in cases where such use is allowed by law might facilitate identification of bias processes more profoundly. Moreover, post-hoc evaluation can decrease bias during training, not only fairness-conscious or dissimilarity-conscious learning algorithms. Such techniques, however, have to be under close administration to prevent accidental trade-offs between equity and precision.
Deployment, Scalability, and Governance
Implementations should be flexible with regard to scaled and secure deployment environments such as cloud-based architecture or containerised architecture in future. This would allow real-time financial settings monitoring, model updates, and control governance. The user-friendly visual explanations also need to be improved to help decision-makers learn the major risk drivers. Although modern infrastructure makes such deployments possible, it needs ongoing organisational investment and regulation.
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	pip install pandas numpy matplotlib seaborn scikit-learn shap

!pip install fairlearn

!pip install streamlit

"""# **Importing Libraries**"""

import pandas as pd
import numpy as np

import matplotlib.pyplot as plt
import seaborn as sns

from sklearn.preprocessing import StandardScaler
from sklearn.model_selection import train_test_split
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import RandomForestClassifier
from sklearn.metrics import (
    accuracy_score, classification_report, confusion_matrix
)

from fairlearn.metrics import (
    demographic_parity_difference,
    equalized_odds_difference
)

import shap
import streamlit as st

"""# **Loading and Viewing the Dataset**"""

city2_financial_data = pd.read_csv("city2_financial_data.csv")
city2_financial_data.head()

"""## ***Data Inspection***"""

print(city2_financial_data.info())

"""## ***Summary Statistics***"""

city2_financial_data.describe()

"""## **Data Cleaning & Preparation**"""

# Converting Date
city2_financial_data['Date'] = pd.to_datetime(city2_financial_data['Date'], dayfirst=True)

# Droping City
city2_financial_data.drop(columns=['City'], inplace=True)

# Missing values checking
print("Missing values:\n", city2_financial_data.isnull().sum())

"""# **Exploratory Data Analysis**

## ***Loan Approval Rate Over Time***
"""

plt.figure(figsize=(8,5))
plt.plot(city2_financial_data['Date'], city2_financial_data['Loan_Approval_Rate'], marker='o')
plt.title("Loan Approval Rate Over Time")
plt.xlabel("Date")
plt.ylabel("Loan Approval Rate")
plt.show()

"""## ***Transactions vs Market Sentiment***"""

plt.figure()
plt.scatter(city2_financial_data["Transactions"], city2_financial_data["Market_Sentiment"])
plt.xlabel("Transactions")
plt.ylabel("Market Sentiment")
plt.title("Transactions vs Market Sentiment")
plt.show()

"""## ***Correlation Matrix***"""

plt.figure(figsize=(10,6))
sns.heatmap(
    city2_financial_data.corr(),
    annot=True,
    fmt=".2f",
    cmap="coolwarm",
    linewidths=0.5,
    annot_kws={"size": 9}
)
plt.title("Correlation Matrix of Financial Variables")
plt.show()

"""## ***Revenue, Expenses, and Profit Over Time***"""

plt.figure(figsize=(12,6))
plt.stackplot(
    city2_financial_data["Date"],
    city2_financial_data["Revenue"],
    city2_financial_data["Expenses"],
    city2_financial_data["Profit"],
    labels=["Revenue", "Expenses", "Profit"],
    colors=["#1f77b4", "#ff7f0e", "#2ca02c"],
    alpha=0.6
)
plt.xlabel("Date")
plt.ylabel("Amount (£)")
plt.title("Revenue, Expenses, and Profit Over Time (Stacked Area)")
plt.legend(loc="upper left")
plt.grid(True, alpha=0.3)
plt.show()

"""## ***Distribution of Loan Approval Rates***"""

plt.figure(figsize=(8,5))
sns.histplot(city2_financial_data["Loan_Approval_Rate"], bins=10, kde=True, color='skyblue')
plt.xlabel("Loan Approval Rate")
plt.title("Distribution of Loan Approval Rates")
plt.show()

"""# **Data Preprocessing**

## ***Feature Selection (Regulatory Justification)***
"""

selected_features = [
    'Transactions',
    'Market_Sentiment',
    'Stock_Price',
    'Revenue',
    'Loan_Approval_Rate',
    'Expenses'
]

X = city2_financial_data[selected_features]

"""## ***Risk / Fraud Proxy Target***"""

city2_financial_data['risk_flag'] = np.where(
    (city2_financial_data['Transactions'] > city2_financial_data['Transactions'].quantile(0.75)) &
    (city2_financial_data['Profit'] < city2_financial_data['Profit'].median()),
    1, 0
)

y = city2_financial_data['risk_flag']

"""## Demographic Proxy"""

city2_financial_data['approval_group'] = np.where(
    city2_financial_data['Loan_Approval_Rate'] >= city2_financial_data['Loan_Approval_Rate'].median(),
    'High Approval',
    'Low Approval'
)

"""## ***Train–Test Splitting & Scaling***"""

scaler = StandardScaler()
X_scaled = scaler.fit_transform(X)

X_train, X_test, y_train, y_test, g_train, g_test = train_test_split(
    X_scaled,
    y,
    city2_financial_data['approval_group'],
    test_size=0.3,
    random_state=42
)

"""# **MODEL 1: LOGISTIC REGRESSION (PRIMARY REGULATORY MODEL)**

## ***Train Logistic Regression***
"""

from sklearn.linear_model import LogisticRegression

log_model = LogisticRegression(max_iter=1000)
log_model.fit(X_train, y_train)

"""## ***Evaluation & Confidence Levels***"""

log_pred = log_model.predict(X_test)
log_prob = log_model.predict_proba(X_test)[:, 1]

print("Accuracy:", accuracy_score(y_test, log_pred))
print(classification_report(y_test, log_pred))

"""## ***Confusion Matrix***"""

cm = confusion_matrix(y_test, log_pred)
sns.heatmap(cm, annot=True, fmt="d", cmap="Blues")
plt.title("Logistic Regression – Confusion Matrix")
plt.xlabel("Predicted")
plt.ylabel("Actual")
plt.show()

"""## ***Explainability – Model Coefficients***"""

coef_df = pd.DataFrame({
    'Feature': selected_features,
    'Coefficient': log_model.coef_[0]
}).sort_values(by='Coefficient', ascending=False)

print(coef_df)

sns.barplot(x='Coefficient', y='Feature', data=coef_df)
plt.title("Logistic Regression – Feature Influence")
plt.show()

"""## ***Fairness & Bias Metrics***"""

dp_diff_log = demographic_parity_difference(
    y_test, log_pred, sensitive_features=g_test
)

eo_diff_log = equalized_odds_difference(
    y_test, log_pred, sensitive_features=g_test
)

print("Logistic Regression Fairness Metrics")
print("Demographic Parity Difference:", dp_diff_log)
print("Equalized Odds Difference:", eo_diff_log)

"""## ***SHAP Explainability of Logistic Regression***"""

explainer_log = shap.LinearExplainer(log_model, X_train)
shap_values_log = explainer_log.shap_values(X_train)

shap.summary_plot(
    shap_values_log,
    X_train,
    feature_names=selected_features
)

"""# **MODEL 2: RANDOM FOREST**

## ***Train Random Forest***
"""

from sklearn.ensemble import RandomForestClassifier

rf_model = RandomForestClassifier(
    n_estimators=200,
    random_state=42
)

rf_model.fit(X_train, y_train)

"""## ***Evaluation & Confidence Levels***"""

rf_pred = rf_model.predict(X_test)
rf_prob = rf_model.predict_proba(X_test)[:, 1]

print("Accuracy:", accuracy_score(y_test, rf_pred))
print(classification_report(y_test, rf_pred))

"""## ***Confusion Matrix***"""

cm = confusion_matrix(y_test, rf_pred)
sns.heatmap(cm, annot=True, fmt="d", cmap="Greens")
plt.title("Random Forest – Confusion Matrix")
plt.xlabel("Predicted")
plt.ylabel("Actual")
plt.show()

"""## ***Feature Importance (Interpretability)***"""

importance_df = pd.DataFrame({
    'Feature': selected_features,
    'Importance': rf_model.feature_importances_
}).sort_values(by='Importance', ascending=False)

print(importance_df)

sns.barplot(x='Importance', y='Feature', data=importance_df)
plt.title("Random Forest – Feature Importance")
plt.show()

"""## ***Fairness & Bias Metrics***"""

dp_diff_rf = demographic_parity_difference(
    y_test, rf_pred, sensitive_features=g_test
)

eo_diff_rf = equalized_odds_difference(
    y_test, rf_pred, sensitive_features=g_test
)

print("Random Forest Fairness Metrics")
print("Demographic Parity Difference:", dp_diff_rf)
print("Equalized Odds Difference:", eo_diff_rf)

"""## ***SHAP Explainability of Random Forest ***"""

X_train_df = pd.DataFrame(X_train, columns=selected_features)

explainer_rf = shap.Explainer(
    rf_model.predict_proba,
    X_train_df
)

shap_values_rf = explainer_rf(X_train_df)

# Plot SHAP values for the "risk" class (class index = 1)
shap.summary_plot(
    shap_values_rf.values[:, :, 1],
    X_train_df,
    feature_names=selected_features
)
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