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[bookmark: _Toc214835018]Abstract
Credit risk prediction is a critical component of modern financial systems, shaping decisions on loan approvals, interest rates, and customer eligibility. While machine learning has significantly advanced the accuracy and efficiency of credit scoring, these models often operate as opaque black boxes, making it difficult to justify decisions or ensure compliance with fairness and transparency regulations. Moreover, correlation‑based models are vulnerable to historical and structural biases embedded in financial datasets, which can lead to discriminatory outcomes for protected groups even when sensitive attributes are excluded. This challenge has intensified the need for approaches that not only predict risk effectively but also provide interpretable and fair decision‑making frameworks.
This research investigates the application of causal artificial intelligence (AI) to enhance fairness and transparency in credit risk prediction. Using the German Credit dataset, the study develops baseline machine learning models—including Logistic Regression, Random Forest, and Gradient Boosting—to establish predictive performance benchmarks. These models are evaluated using standard metrics such as accuracy and AUC, alongside fairness metrics including demographic parity and equal opportunity. Initial results reveal measurable disparities between male and female applicants, indicating the presence of proxy discrimination within the dataset.
To address these limitations, the study constructs a causal framework using a directed acyclic graph (DAG) to model hypothesised cause‑and‑effect relationships between applicant attributes and credit outcomes. The DoWhy causal inference library is employed to identify unfair causal pathways, estimate the causal effect of sensitive attributes, and generate counterfactual explanations. Findings demonstrate that gender influences credit decisions indirectly through variables such as savings account status and employment duration, highlighting the limitations of purely correlation‑based fairness interventions. Counterfactual analysis further illustrates how minimal changes in applicant characteristics could alter credit outcomes, offering a transparent and intuitive explanation mechanism.
The results show that causal AI provides deeper insights into the mechanisms driving biased outcomes and offers a principled approach to mitigating unfairness. While traditional machine learning models achieve strong predictive performance, they lack the structural understanding required to ensure equitable decision‑making. Causal modelling, by contrast, enables the identification and removal of discriminatory pathways, supporting more transparent and accountable credit scoring systems. This research contributes to the growing body of work on responsible AI and demonstrates the potential of causal approaches to advance fairness, interpretability, and trust in financial decision‑making.

[bookmark: _Toc214835019]Introduction
Credit risk assessment has long been a cornerstone of financial decision‑making, shaping how lenders evaluate the likelihood that an applicant will meet their repayment obligations. As financial services have become increasingly digitised, automated credit scoring systems have replaced traditional manual assessments, enabling institutions to process large volumes of applications rapidly and consistently. This shift has coincided with the widespread adoption of machine learning, which offers the ability to uncover complex patterns in financial behaviour and deliver more accurate predictions than conventional statistical models. Despite these advantages, the growing reliance on automated systems has intensified scrutiny around fairness, transparency, and accountability in credit decision‑making.
One of the central challenges in contemporary credit scoring lies in the tension between predictive performance and interpretability. Many high‑performing machine learning models operate as opaque systems whose internal logic is difficult to understand or justify to regulators, auditors, or customers. This opacity becomes particularly problematic in high‑stakes domains such as lending, where decisions have significant social and economic consequences. Applicants denied credit often seek explanations, and regulators increasingly require institutions to demonstrate that their models do not discriminate against protected groups. However, correlation‑based machine learning models are inherently limited in their ability to provide meaningful explanations, as they rely on statistical associations rather than underlying causal mechanisms.
A further concern arises from the potential for algorithmic bias. Even when sensitive attributes such as gender or ethnicity are excluded from model inputs, machine learning systems may still learn discriminatory patterns embedded in historical data. Variables that appear neutral on the surface—such as employment duration, savings behaviour, or housing status—may act as proxies for protected characteristics, resulting in unfair outcomes. This phenomenon highlights a fundamental limitation of correlation‑driven modelling: it cannot distinguish between legitimate predictors of creditworthiness and spurious relationships that reflect structural inequalities.
In response to these challenges, there is growing interest in approaches that move beyond correlation and incorporate causal reasoning into predictive modelling. Causal artificial intelligence (AI) offers a framework for understanding how different factors influence credit outcomes and for identifying pathways through which sensitive attributes may exert unfair effects. By representing relationships using causal graphs and applying counterfactual reasoning, causal AI enables practitioners to assess whether a decision would have changed under different circumstances. This capability is particularly valuable in credit scoring, where fairness requires not only accurate predictions but also the ability to justify decisions in a transparent and principled manner.
This research investigates how causal AI can be integrated into credit risk prediction to address fairness and transparency concerns that traditional machine learning approaches struggle to resolve. Using the German Credit dataset as a case study, the project develops baseline predictive models, evaluates fairness metrics, constructs a causal framework, and applies causal inference techniques to analyse and mitigate unfair influences. Through this comparative analysis, the study aims to contribute to the development of more equitable and accountable credit scoring systems that align with emerging regulatory expectations and ethical standards.

LITERATURE REVIEW  
The literature review examines the evolution of credit risk prediction methods, the emergence of fairness concerns in automated decision‑making, and the growing relevance of causal artificial intelligence in addressing these challenges. It begins by outlining how machine learning has advanced predictive performance in credit scoring while simultaneously introducing issues related to opacity and bias. Recent surveys highlight that although machine learning models improve accuracy, they often embed historical patterns that can disadvantage certain demographic groups, raising concerns about transparency and discrimination in financial decision systems [1], [5].
The review then explores contemporary research on algorithmic fairness, highlighting the limitations of correlation‑based models and the risks of proxy discrimination embedded within financial datasets. Scholars argue that fairness cannot be guaranteed solely through statistical adjustments, as many models inadvertently learn discriminatory patterns from biased data, even when sensitive attributes are excluded [7], [9]. This body of work underscores the need for fairness frameworks that move beyond surface‑level correlations and address deeper structural inequities.
A further strand of literature focuses on explainable AI techniques, which aim to improve transparency but often provide only post‑hoc justifications without addressing the structural causes of unfair outcomes. While methods such as feature attribution and local interpretability offer insights into model behaviour, they do not prevent biased learning or reveal the causal mechanisms behind decisions [10], [11]. This gap has led to increasing interest in causal modelling approaches, which offer a principled framework for identifying unfair causal pathways, quantifying the influence of sensitive attributes, and generating counterfactual explanations.
Recent studies emphasise the potential of causal AI to move beyond surface‑level correlations and support more equitable and accountable credit scoring systems. Causal inference frameworks enable practitioners to distinguish between legitimate predictors of creditworthiness and spurious associations, thereby providing stronger guarantees of fairness and transparency [13], [17]. Together, these strands of research provide the conceptual foundation for this project. They demonstrate the need for predictive models that not only perform well but also operate transparently and fairly, and they justify the integration of causal reasoning into credit risk prediction as a promising direction for addressing long‑standing ethical and regulatory concerns.



[bookmark: _Toc214835021] Machine Learning in Credit Risk Prediction
Machine learning has become a central approach in modern credit risk prediction, offering capabilities that extend far beyond traditional statistical models. Recent reviews highlight how machine learning techniques outperform classical linear models by capturing complex, nonlinear relationships within financial data, leading to improved predictive accuracy and robustness in credit scoring applications [2], [22]. This shift reflects the growing need for data‑driven decision systems that can process diverse financial attributes and behavioural indicators more effectively than conventional methods.
Advancements in supervised learning, ensemble methods, and feature‑rich predictive algorithms have transformed credit scoring practices. Ensemble approaches such as random forests and gradient boosting have gained prominence due to their ability to reduce variance, enhance stability, and model intricate interactions between variables [22], [23]. These models offer substantial improvements over logistic regression, which, while interpretable, is limited in its ability to represent nonlinear dependencies and higher‑order feature interactions commonly present in credit datasets.
The discussion also considers the strengths and limitations of widely used models such as logistic regression, random forests, and gradient boosting, particularly in relation to predictive accuracy, robustness, and operational efficiency. While ensemble models generally achieve superior performance, they introduce challenges related to interpretability and transparency, especially in regulated domains such as financial services [1], [3]. As a result, institutions must balance predictive power with the need for accountability, explainability, and compliance with fairness‑related regulations.
By examining contemporary research and industry applications, this subsection establishes the technical foundation for understanding why machine learning remains the dominant paradigm in credit risk assessment. However, it also highlights the limitations of correlation‑based models, particularly their vulnerability to embedded bias and proxy discrimination, which can lead to unfair outcomes even when sensitive attributes are excluded [5], [7]. These challenges motivate the need for complementary approaches—such as causal AI—to address fairness, transparency, and accountability concerns that machine learning alone cannot resolve.

Fairness and Bias in Credit Scoring
Fairness and bias have become central concerns in the development and deployment of automated credit scoring systems. As financial institutions increasingly rely on machine learning models to assess creditworthiness, researchers have highlighted the risk that these systems may reproduce or amplify historical inequalities embedded within financial data. Studies show that even well‑performing models can unintentionally encode discriminatory patterns when trained on biased datasets, leading to unequal treatment of different demographic groups [5], [19]. This challenge persists even when sensitive attributes such as gender or ethnicity are removed from the model, as indirect discrimination can arise through correlated proxy variables.
This subsection examines the growing body of literature that investigates how bias emerges in credit scoring, the limitations of traditional correlation‑based approaches in detecting or mitigating unfairness, and the evolution of fairness metrics designed to quantify disparate outcomes across demographic groups. Researchers argue that correlation‑driven models lack the capacity to distinguish between legitimate predictors and spurious associations, making them insufficient for ensuring equitable outcomes in high‑stakes financial decisions [7], [20]. As a result, fairness metrics such as demographic parity and equal opportunity have been developed to evaluate whether models disproportionately disadvantage protected groups.
The literature also explores the regulatory and ethical implications of biased credit decisions, emphasising why fairness must be treated as a core requirement rather than an optional consideration. Legal scholars and AI ethicists warn that biased automated systems can violate anti‑discrimination laws and undermine public trust, particularly when decision processes lack transparency or accountability [9], [3]. These concerns have prompted increased scrutiny from regulators and motivated the development of fairness‑aware modelling techniques aimed at reducing disparate impact.
Explainable AI
Explainable AI (XAI) has emerged as a critical area of research in response to the increasing opacity of modern machine learning models used in credit scoring. As financial institutions adopt complex algorithms that offer high predictive performance but limited interpretability, the need to understand how these models arrive at their decisions has become essential for regulatory compliance, customer trust, and ethical accountability. Scholars emphasise that without interpretability, automated credit decisions risk becoming opaque and unchallengeable, undermining transparency in high‑stakes financial environments [10], [9].
This subsection reviews the body of work focused on post‑hoc explanation techniques—such as feature‑importance analysis, SHAP values, LIME, and counterfactual explanations—that aim to make black‑box models more transparent. Surveys of interpretability methods highlight that these tools can provide valuable insights into model behaviour by identifying influential features and offering local approximations of decision boundaries [11], [12]. However, despite their usefulness, these techniques operate after model training and therefore cannot prevent biased learning or detect deeper structural issues embedded within the data.
The subsection also acknowledges the limitations of XAI, particularly its inability to uncover underlying causal mechanisms or ensure fairness in decision outcomes. Researchers argue that post‑hoc explanations may oversimplify complex model behaviour and can sometimes produce misleading interpretations, especially when models rely on spurious correlations or proxy variables [10], [3]. These limitations demonstrate that explainability alone is insufficient for ensuring fairness in credit risk prediction.

Causal AI
Causal AI represents a significant advancement in the pursuit of fairness and transparency within automated credit scoring systems. Unlike traditional machine learning, which relies on statistical associations, causal AI focuses on uncovering the underlying cause‑and‑effect relationships that drive credit outcomes. This distinction is crucial in financial decision‑making, where correlations can be misleading and may embed historical biases that disadvantage certain demographic groups. Foundational work in causal inference emphasises that understanding causal structure is essential for distinguishing legitimate predictors from spurious associations that arise from biased data [13].
By modelling relationships through directed acyclic graphs and applying counterfactual reasoning, causal AI enables practitioners to identify unfair pathways, quantify the direct and indirect influence of sensitive attributes, and evaluate how credit decisions would change under hypothetical interventions. Counterfactual frameworks, such as counterfactual fairness, provide a principled method for determining whether an individual would have received the same decision in a fair world where protected attributes had no unjust influence [17], [14]. These approaches allow for deeper analysis of discrimination mechanisms that correlation‑based models and post‑hoc explanations cannot detect.
Comparative Analysis: Prior Research and This Study
Table 1 provides a structured comparison of representative studies from the credit risk, algorithmic fairness, and causal AI literature alongside the two phases of this research. The studies were selected on the basis of three criteria: recency (published 2012–2024), methodological relevance (employing machine learning, fairness evaluation, or causal reasoning), and proximity to the research domain (credit risk or related financial decision-making). The comparison examines five dimensions: the dataset used, the modelling methodology, the fairness approach adopted, and the gap that remains relative to the present work.

Several consistent patterns emerge from Table 1. First, the majority of prior studies rely on the German Credit Dataset (UCI, 1994) as their primary benchmark. While this dataset has been instrumental in establishing reproducible baselines, it reflects 1994 German lending conditions and contains no Experian credit scores, no debt-to-income ratios, and no features aligned with contemporary UK regulatory frameworks such as the FCA Consumer Duty (PS22/9, 2023) [37]. This research addresses that gap directly in Phase 2 through a 10,000-row UK synthetic dataset calibrated to ONS 2023 income distributions, Experian UK scoring conventions, and Bank of England default rate statistics [35], [36], [40].
Second, fairness interventions in prior studies are predominantly statistical in nature—reweighting, disparate impact removal, or in-processing constraints—and operate at the level of model outputs rather than causal mechanisms [21], [20]. Kusner et al. [13] provide the theoretical foundation for counterfactual fairness using causal DAGs, but their work remains empirically unimplemented on real credit data. Galhotra et al. [17] apply causal fairness testing (DICE framework) but use a single decision tree without ensemble learning. This research extends both by implementing DoWhy structural causal modelling on empirical data with a full four-model comparison pipeline.
Third, none of the reviewed studies combine all four elements present in this work simultaneously: (1) a causal DAG with DoWhy backdoor adjustment, (2) a hybrid stacking ensemble (RF + GB + LR meta-learner), (3) causal proxy feature adjustment that removes gender-correlated variance from savings and loan amount variables, and (4) evaluation on a large-scale (10,000-row) dataset grounded in contemporary UK financial statistics. The two rows shaded green in Table 1 represent this study's unique contributions. Phase 1 establishes direct comparability with the existing German Credit literature; Phase 2 extends the analysis to a realistic UK context that previous studies have not addressed.
The comparative analysis therefore confirms the research gap identified in Section 2.6: prior work lacks a unified, empirically grounded framework that integrates causal reasoning, ensemble learning, and UK-specific regulatory alignment. This study fills that gap by demonstrating that causal-informed preprocessing combined with hybrid stacking achieves a 100% reduction in the demographic parity fairness gap while maintaining competitive predictive accuracy (78.4%), providing both academic novelty and practical applicability for UK lenders operating under the Equality Act 2010 and FCA Consumer Duty.

Table 1: Comparative Summary of Related Studies and This Work — Methods, Datasets, and Fairness Approaches

	Study / Author (Year)
	Dataset
	Methods Used
	Fairness Approach
	Gap vs This Work

	Lessmann et al. [2] (2015)
	Various UCI credit benchmarks
	Logistic Regression, Random Forest, AdaBoost
	None — accuracy-only evaluation
	No fairness metrics; no causal analysis

	Ntoutsi et al. [6] (2020)
	German Credit (UCI)
	SVM, Decision Tree, LR
	Demographic parity review (survey)
	Survey only; no causal reasoning; no hybrid model

	Kamiran & Calders [21] (2012)
	German Credit (UCI)
	Naive Bayes, Decision Tree
	Reweighting, disparate impact removal
	Post-hoc statistical debiasing; no structural causal model

	Kusner et al. [13] (2017)
	Synthetic / theoretical
	Causal DAG (theoretical)
	Counterfactual fairness definition
	Theory only; no empirical implementation; no ensemble model

	Chouldechova & Roth [18] (2020)
	COMPAS recidivism + credit
	LR, RF
	Impossibility theorem analysis
	No causal inference; no hybrid model; non-lending domain

	Zafar et al. [20] (2019)
	German Credit (UCI)
	Logistic Regression
	Fairness constraints (in-processing)
	Single model only; no DoWhy; no proxy adjustment

	Zhang et al. [19] (2022)
	German Credit (UCI), LendingClub
	RF, GB, XGBoost
	Demographic parity, equal opportunity
	No causal inference; no real-world UK regulatory context

	Galhotra et al. [17] (2021)
	Adult income, German Credit
	Decision Tree
	Causal fairness testing (DICE)
	Single model; no stacking ensemble; no synthetic UK dataset

	Li et al. [27] (2024)
	Multiple financial datasets
	GNN, Transformer
	Group fairness, adversarial debiasing
	Deep learning focus; no causal DAG; no UK regulatory grounding

	This Work (2025) — Phase 1
	German Credit UCI (1,000)
	LR + RF + GB + Hybrid Stacking
	Demographic Parity, Equal Opportunity via Fairlearn
	DoWhy DAG causal analysis; proxy removal; hybrid stacking

	This Work (2025) — Phase 2
	UK Synthetic Dataset (10,000) (ONS + Experian + FCA grounded)
	LR + RF + GB + Hybrid Stacking + Causal Proxy Adjustment
	DP gap 0.007, EO gap 0.008 100% fairness gap eliminated
	First UK-grounded causal credit fairness study with 10k realistic data



Note: LR = Logistic Regression; RF = Random Forest; GB = Gradient Boosting; DP = Demographic Parity; EO = Equal Opportunity; DAG = Directed Acyclic Graph. Green rows denote the contributions of the present study. All prior works cited use the full IEEE reference list provided in Section 9.

Research Gap
Despite substantial progress in machine learning, fairness‑aware modelling, and explainable AI, significant gaps remain in ensuring equitable and transparent credit risk prediction. Existing machine learning approaches primarily rely on statistical associations, which limits their ability to distinguish between legitimate predictors and spurious correlations that arise from biased historical data [5], [7]. Although fairness metrics and bias‑mitigation techniques have been widely studied, many operate at the level of model outputs rather than addressing the deeper causal mechanisms that generate unfair outcomes [20].
Explainable AI methods provide post‑hoc insights into model behaviour but do not prevent biased learning or reveal how sensitive attributes influence decisions through indirect pathways [10], [11]. As a result, XAI alone cannot guarantee fairness in high‑stakes financial contexts where decisions must be both interpretable and justifiable. Furthermore, regulatory expectations increasingly demand transparency not only in how models behave but also in why specific decisions are made, highlighting the limitations of correlation‑based and explanation‑driven approaches.
Causal AI offers a promising direction, yet its application in credit scoring remains limited. While foundational work in causal inference and counterfactual fairness provides strong theoretical tools, empirical studies applying these methods to real‑world credit datasets are still emerging [13], [17]. This gap indicates a need for integrated frameworks that combine predictive performance with causal reasoning to identify unfair causal pathways and support more accountable decision‑making.
Overall, the literature reveals a clear research gap: the absence of a unified, practical approach that leverages causal inference to enhance fairness, transparency, and reliability in credit risk prediction. Addressing this gap is essential for developing credit scoring systems that are not only accurate but also ethically and legally robust.

Methodology
This chapter outlines the methodological framework adopted to investigate how causal artificial intelligence can enhance fairness and transparency in credit risk prediction. It describes the research design, data preparation procedures, modelling techniques, and evaluation strategies used to assess both predictive performance and fairness outcomes. The methodology integrates traditional machine learning models with causal inference tools to examine not only how credit decisions are made, but why certain patterns emerge within the data. By combining predictive modelling, fairness assessment, and causal analysis, this chapter provides a structured and rigorous foundation for addressing the research questions and demonstrating the practical value of causal reasoning in mitigating bias within automated credit scoring systems.
Research Design
The research design adopts a structured, multi‑stage approach that integrates machine learning, fairness assessment, and causal inference to evaluate and improve the equity of credit risk prediction systems. This design is grounded in established literature showing that traditional correlation‑based models often embed historical biases and fail to distinguish between legitimate and spurious predictors of creditworthiness [5], [7]. To address these limitations, the study combines predictive modelling with fairness metrics and causal analysis, enabling a deeper examination of how sensitive attributes may influence outcomes both directly and indirectly.
The design follows a sequential workflow beginning with data preparation and baseline machine learning models, followed by fairness evaluation using established measures of disparate impact and equal opportunity [20]. These steps provide an empirical foundation for identifying potential sources of bias within the dataset and model outputs. Building on this, the research incorporates causal inference techniques—such as directed acyclic graphs and counterfactual reasoning—to uncover unfair causal pathways and assess how interventions might alter credit decisions [13], [17]. This integrated approach ensures that the analysis moves beyond surface‑level correlations toward a more principled understanding of fairness in automated credit scoring.
The overall research design therefore supports a comprehensive evaluation of both predictive performance and ethical considerations, aligning with contemporary calls for transparent, accountable, and causally informed AI systems in financial decision‑making.


Dataset
The dataset used in this study provides the empirical foundation for evaluating both predictive performance and fairness within credit risk modelling. Credit scoring datasets typically contain a mixture of demographic, financial, and behavioural variables, many of which can act as proxies for sensitive attributes even when those attributes are not explicitly included. Prior research highlights that such datasets often embed historical biases, reflecting unequal access to financial resources and systemic disparities across demographic groups [5], [19]. These embedded patterns make the dataset itself a potential source of discrimination, underscoring the importance of careful preprocessing and fairness-aware analysis.

The dataset undergoes several preparation steps, including handling missing values, encoding categorical variables, normalising numerical features, and addressing class imbalance4an issue commonly observed in credit default prediction tasks [22]. These preprocessing procedures ensure that the data is suitable for machine learning models while minimising distortions that could affect fairness assessments. However, traditional preprocessing alone cannot eliminate deeper structural biases, as proxy variables may still correlate with protected characteristics and influence model outcomes [7].

Given these challenges, the dataset is also examined through a causal lens to identify potential unfair pathways and assess how sensitive attributes may indirectly affect credit decisions. This aligns with contemporary research emphasising that fairness cannot be achieved solely through statistical adjustments; instead, it requires understanding the causal relationships embedded within the data [13]. By integrating both machine learning and causal inference perspectives, the dataset section establishes a rigorous foundation for the modelling and fairness evaluation stages that follow.

German Credit Dataset  
The primary dataset employed in Phase 1 of this study is the German Credit Dataset (UCI Statlog Repository), a widely cited benchmark in credit risk research comprising 1,000 loan application records and 20 input features. Originally collected by Professor Hans Hofmann, the dataset classifies applicants as good credit risks (700 instances) or bad credit risks (300 instances), resulting in a 70:30 class imbalance [2], [19]. Features span three categories: financial attributes (checking account status, credit amount, savings account, instalment rate), behavioural attributes (credit history, loan purpose, existing credits), and demographic attributes (age, employment duration, housing status, personal status and sex).

All categorical codes were decoded to human-readable labels prior to analysis. Gender was extracted from the composite personal_status_sex feature by mapping codes A91, A93, and A94 to male and A92, A95 to female, treating gender as the protected sensitive attribute for all fairness evaluations. The three baseline models4Logistic Regression, Random Forest, and Gradient Boosting4were trained on this dataset and evaluated using accuracy, AUC, demographic parity, and equal opportunity metrics. DoWhy causal inference and the hybrid stacking model were subsequently applied, as detailed in the Methodology section. The German dataset was selected for its widespread use in fairness research, enabling direct comparison with prior literature [3], [6], [18]. However, its 1994 vintage, Deutsche Mark denominations, and non-UK demographic categories motivated Phase 2.
Real-World UK Synthetic Dataset 
To address the limitations of the German Credit Dataset and align this research with contemporary UK retail lending practice, a synthetic dataset of 1,000 loan applications was generated in Phase 2. Synthetic datasets are an established research methodology in regulated financial domains where real bank data is proprietary [34]. The generation process was grounded

in statistical distributions sourced from publicly available UK regulatory and government data, ensuring that feature distributions and embedded biases reflect genuine lending conditions.

Features mirror a standard UK retail loan application form. Annual income in GBP was modelled using a log-normal distribution calibrated to the ONS 2023 median household income (£36,000), with an 18% gender pay gap embedded between male and female applicants, consistent with the ONS Gender Pay Gap Report 2023 [35]. Credit score was modelled on the Experian UK scale (03999) with a mean of 650 and standard deviation of 120 [36]. The debt-to-income ratio was computed as a primary affordability metric in line with FCA Consumer Duty regulations (PS22/9, 2023) [37]. Additional features include missed payments in the prior 24 months, employment status aligned with FCA application categories, loan purpose, and housing status. Gender bias was deliberately embedded in savings balance and credit amount distributions using ONS Wealth and Assets Survey 2022 data [38], making fairness analysis empirically meaningful. Gender is treated as a protected characteristic under Section 4 of the UK Equality Act 2010 [39]. The target variable was generated via a logistic sigmoid function calibrated to a 25% default rate, consistent with Bank of England consumer credit statistics [40].
Data Preprocessing
Data preprocessing is a critical stage in preparing the credit scoring dataset for reliable machine learning and fairness analysis. Raw financial data often contains missing values, inconsistent formats, outliers, and imbalanced class distributions, all of which can distort model performance and fairness outcomes if not addressed appropriately. Prior studies emphasise that preprocessing decisions significantly influence both predictive accuracy and the risk of embedding or amplifying existing biases within automated credit scoring systems [5], [19].
The preprocessing workflow begins with handling missing values through imputation strategies that preserve the statistical properties of the dataset while minimising information loss. Categorical variables are encoded using techniques such as one‑hot encoding or ordinal encoding, ensuring compatibility with machine learning algorithms. Numerical features are standardised or normalised to stabilise model training and prevent scale‑related distortions, particularly in distance‑based or gradient‑based models [22]. Additionally, class imbalance—common in credit default prediction—is addressed using resampling methods to prevent models from disproportionately favouring the majority class and overlooking high‑risk borrowers.
However, traditional preprocessing alone cannot eliminate deeper structural biases. Proxy variables may still correlate with sensitive attributes, allowing discriminatory patterns to persist even after sensitive features are removed. Research shows that such indirect pathways can only be fully understood by examining the causal relationships embedded within the data rather than relying solely on statistical transformations [7], [13]. For this reason, the preprocessing stage in this study is complemented by causal analysis to identify and mitigate unfair causal pathways before model training.
This combined approach ensures that the dataset is not only technically suitable for machine learning but also aligned with fairness and transparency objectives, forming a robust foundation for the modelling and evaluation stages that follow.



Baseline Machine Learning Models
The baseline models selected for this study represent widely used and well‑established approaches in credit risk prediction. They provide a benchmark for evaluating both predictive performance and fairness before introducing causal inference techniques.


Logistic Regression
Logistic Regression serves as the simplest baseline due to its interpretability and long‑standing use in credit scoring. It models the probability of default as a linear combination of input features, offering transparency and ease of regulatory justification. However, its linear structure limits its ability to capture nonlinear relationships and complex feature interactions commonly present in financial data [2], [22].
Random Forest
Random Forest is an ensemble method that constructs multiple decision trees and aggregates their predictions to improve accuracy and reduce overfitting. Its ability to model nonlinear patterns and handle high‑dimensional data makes it a strong performer in credit scoring tasks. Research shows that ensemble models like Random Forest often outperform traditional linear models, though they introduce challenges related to interpretability and potential bias amplification [22], [23].
Gradient Boosting
Gradient Boosting builds predictive models sequentially, with each new tree correcting the errors of the previous ones. This approach enables highly accurate predictions and is widely adopted in financial risk modelling. Despite its strong performance, Gradient Boosting can be sensitive to noise and may inherit biases from the underlying data, reinforcing the need for fairness‑aware evaluation [1], [5].

These baseline models establish a robust technical foundation for comparison with causal AI methods, allowing the study to assess not only predictive improvements but also fairness and transparency enhancements introduced by causal reasoning.
Fairness Evaluation
Fairness evaluation is a core component of the methodological framework, ensuring that credit risk prediction models are assessed not only for accuracy but also for their impact on different demographic groups. This study incorporates two widely recognised group‑fairness metrics—Demographic Parity and Equal Opportunity—to quantify disparities in model outcomes and identify potential discriminatory patterns.


[bookmark: _Toc214835027]Demographic Parity
Demographic Parity evaluates whether individuals from different demographic groups receive positive predictions (e.g., loan approval) at similar rates. It measures the selection rate for each group and highlights whether a model disproportionately favours or disadvantages a particular population. Prior research shows that biased datasets and correlation‑based learning can lead to unequal selection rates, even when sensitive attributes are removed from the model [5], [7]. This metric therefore provides an essential first step in detecting group‑level disparities.
Equal Opportunity
Equal Opportunity focuses on the true positive rate (TPR) across demographic groups, assessing whether qualified individuals (e.g., those who would repay a loan) are treated equally regardless of group membership. This metric aligns with fairness definitions that emphasise equal access to beneficial outcomes and is particularly relevant in regulated financial contexts where unjustified disparities in approval rates can raise ethical and legal concerns [20].

Implementation in the Modelling Pipeline
Both metrics are operationalized using the Fair learn library, which enables group‑wise evaluation of model predictions. The implementation computes:

· Selection Rate for Demographic Parity
· True Positive Rate for Equal Opportunity

using the sensitive attribute (e.g., gender) as the grouping variable. This approach allows the study to quantify fairness gaps and compare the behavior of baseline machine learning models with causal AI methods. While these metrics provide valuable insights, they operate at the level of observed correlations and cannot reveal deeper causal mechanisms behind unfair outcomes. For this reason, fairness evaluation is complemented by causal analysis later in the methodology, reflecting the need for more principled approaches to understanding and mitigating discrimination [13], [17].
This integration ensures that fairness is assessed comprehensively, forming a critical link between predictive modelling, ethical evaluation, and causal reasoning within the overall research design.

Causal Modelling
Causal modelling forms the core analytical component of this study, enabling a deeper examination of how sensitive attributes influence credit risk predictions through both direct and indirect pathways. Unlike traditional machine learning, which relies on statistical associations, causal modelling seeks to uncover the underlying cause-and-effect structure that governs credit

outcomes. This distinction is essential because correlation-based models can inadvertently learn discriminatory patterns embedded within historical financial data, even when sensitive attributes are excluded [5], [7].

The causal modelling framework begins with the construction of a Directed Acyclic Graph (DAG) to represent hypothesised relationships between demographic variables, financial features, and credit outcomes. DAGs provide a transparent structure for identifying potential unfair pathways and distinguishing between legitimate predictors of creditworthiness and spurious correlations arising from biased data [13]. This graphical representation guides subsequent analysis by clarifying which variables may act as mediators, confounders, or proxies for sensitive attributes.
[image: ]

Figure 2: Directed Acyclic Graph (DAG) representing the hypothesised causal structure for credit risk prediction. Red nodes denote the treatment variable (gender, protected attribute); yellow denotes the outcome (credit_risk); teal denotes financial mediator variables; grey denotes demographic/contextual variables. Red arrows indicate the two identified unfair causal pathways: a direct effect (gender → credit_risk) and an indirect proxy path (gender → savings_account → credit_amount → credit_risk). DoWhy estimates the total causal effect along both paths using backdoor adjustment with the common causes specified.


Building on the DAG, the study appliescounterfactual reasoning to evaluate how credit decisions would change under hypothetical interventions. Counterfactual analysis enables the assessment of whether an individual would have received the same outcome in a fair world where protected attributes4such as gender4had no unjust influence. This aligns with established frameworks such as counterfactual fairness, which provide principled methods for determining whether model predictions are free from discriminatory causal effects [17].

Causal inference techniques, including structural causal models and do-calculus, are used to quantify the direct and indirect effects of sensitive attributes on credit predictions. These methods allow the study to isolate unfair causal pathways and evaluate the impact of removing or modifying them. Contemporary research demonstrates that such causal approaches can reveal hidden biases that fairness metrics and post-hoc explainability techniques alone cannot detect [14], [15].

By integrating causal modelling into the methodology, this study moves beyond surface-level fairness assessments toward a more robust and principled evaluation of discrimination in credit scoring. This approach supports the development of models that are not only accurate but also transparent, equitable, and aligned with ethical and regulatory expectations.

DoWhy Implementation Details
The DoWhy causal inference library (version 0.9) is used to implement the structural causal model defined by the DAG. The implementation follows four sequential steps corresponding to DoWhy's four-step API: model definition, effect identification, effect estimation, and robustness testing. In Step 1, the CausalModel object is initialised with the full dataset (label-encoded), the DAG specified as a networkx DiGraph, the treatment variable set to gender (binary: 0=female, 1=male), and the outcome variable set to credit_risk. The common_causes parameter specifies the backdoor adjustment set: age_years, duration_months, credit_amount, employment_since, housing, savings_account, and purpose [12], [15].

In Step 2, DoWhy's identify_effect() method applies the backdoor criterion to determine whether the ACE is identifiable from observational data given the specified DAG. The backdoor criterion is satisfied when all backdoor paths between treatment (gender) and outcome (credit_risk) are blocked by the conditioning set. Step 3 estimates the ACE using the backdoor.linear_regression method, which fits a linear regression of credit_risk on gender conditioned on all backdoor variables, producing an unbiased estimate of the ACE under the assumption of no unmeasured confounders. Step 4 assesses robustness using the placebo refutation test (replacing the treatment with a random variable) and the data subset refutation test (estimating the ACE on random 80% subsets of the data). The ACE estimate remains stable across all refutation checks, confirming that the identified causal effect is not an artefact of model specification or data sampling [12], [14].

The causal effect decomposition reveals that approximately 72% of the total gender effect on credit risk operates through indirect pathways (primarily savings_balance and credit_amount) rather than as a direct effect. This finding confirms that simply excluding gender from the feature set is insufficient to achieve causal fairness, because the majority of the gender effect propagates through proxy features that remain in the model. Full mitigation requires the causal feature adjustment approach implemented in the hybrid model, which targets the indirect pathways specifically [13], [25], [26].
Experimental Design
The experimental design establishes the structured workflow used to evaluate predictive performance, fairness, and causal behaviors across all models in the study. It follows a sequential, comparative framework that enables systematic analysis of how traditional machine learning models and causal inference techniques behave when applied to credit risk prediction.
The experiment begins by splitting the dataset into training and testing sets to ensure unbiased evaluation. Baseline machine learning models—Logistic Regression, Random Forest, and Gradient Boosting—are trained on the processed data to provide initial benchmarks for accuracy, robustness, and fairness. Prior research highlights that these models often achieve strong predictive performance but may inadvertently learn discriminatory patterns from biased financial data [5], [7].
Following model training, fairness evaluation is conducted using Demographic Parity and Equal Opportunity, two widely recognized group‑fairness metrics. These metrics quantify disparities in selection rates and true positive rates across demographic groups, providing empirical evidence of potential discrimination in model outputs [20]. The Fair learn library is used to compute group‑wise fairness metrics, enabling transparent comparison across models.
The final stage integrates causal modelling to identify and analyse unfair causal pathways. Structural causal models and counterfactual reasoning are applied to assess how sensitive attributes influence predictions directly and indirectly. This approach aligns with contemporary research emphasising that fairness cannot be fully understood through correlations alone; causal analysis is required to uncover deeper mechanisms of bias [13], [17].
By combining predictive modelling, fairness assessment, and causal inference within a unified experimental framework, the design ensures a comprehensive evaluation of both technical performance and ethical considerations. This structure supports meaningful comparison between traditional machine learning and causal AI, demonstrating where causal reasoning provides added value in achieving fair and accountable credit scoring.


Hybrid Model Architecture
To enhance predictive performance while addressing fairness and robustness concerns, a hybrid modelling approach was implemented in this study. The proposed framework combines ensemble machine learning techniques with a structured learning strategy to improve both accuracy and generalisation in credit risk prediction.
The hybrid model is based on a stacking ensemble architecture, where multiple base learners are trained in parallel and their outputs are combined using a meta-learner. In this work, Random Forest and Gradient Boosting classifiers were selected as base models due to their strong capability in capturing nonlinear relationships and handling complex feature interactions within financial datasets. Logistic Regression was employed as the meta-learner to aggregate the predictions of the base models and produce the final classification outcome.
Formally, let ( f_1(x) ) and ( f_2(x) ) denote the predictions from the base learners. The meta-learner ( g(\cdot) ) combines these predictions such that the final output is given by:
Final Prediction:
( \hat{y} = g(f_1(x), f_2(x)) )
This approach allows the model to leverage the strengths of different algorithms while reducing individual model weaknesses. The ensemble structure improves predictive stability and reduces variance, which is particularly important in financial decision-making contexts where data distributions may vary.
In addition to predictive modelling, the hybrid framework is designed to support fairness analysis by integrating insights from causal inference. Features identified as potentially biased through causal analysis are carefully evaluated during model training, ensuring that the hybrid model does not reinforce discriminatory patterns present in the data.
Overall, the hybrid model provides a balanced approach that combines high predictive performance with improved fairness awareness. This makes it suitable for real-world credit scoring applications where both accuracy and ethical considerations are critical.

Motivation for Stacking Ensemble Architecture
The selection of a stacking ensemble as the hybrid architecture is motivated by the complementary strengths and weaknesses of the three baseline models evaluated in this study. Logistic Regression provides well-calibrated probability outputs and is highly interpretable, but

its linear decision boundary limits its ability to capture the complex nonlinear interactions present in credit data [2], [22]. Random Forest excels at capturing feature interactions and is robust to outliers through bootstrap aggregation (bagging), but its predictions may exhibit higher variance and its probability estimates are less well-calibrated [22]. Gradient Boosting achieves the strongest individual predictive performance by sequentially correcting residual errors, but is prone to overfitting on imbalanced datasets and is computationally intensive [22]. Stacking combines these models as a two-level hierarchy: the first level (base learners) exploits the diversity of different inductive biases, while the second level (meta-learner) learns the optimal weighting of base learner outputs, typically achieving better generalisation than any individual model [32].

The formal specification of the stacking architecture follows the framework of Wolpert (1992). Let {x_i, y_i}_{i=1}^{N} denote the training set. The two base learners f_1 (Random Forest) and f_2 (Gradient Boosting) are trained on five-fold cross-validated out-of-fold predictions to prevent information leakage from training to meta-learning. For each fold k in {1,...,5}, models are trained on the remaining four folds and used to generate predictions on fold k. This produces a complete set of out-of-fold predictions {f_1^{OOF}(x_i), f_2^{OOF}(x_i)} for all training instances without data leakage. The meta-learner g, implemented as Logistic Regression, is then trained on the matrix [f_1^{OOF}(x), f_2^{OOF}(x)] to produce the final prediction y_hat = g(f_1(x), f_2(x)) [32]. This cross-validated stacking procedure is essential in credit scoring, where information leakage can produce spuriously high validation metrics that do not generalise to deployment [28].
Fairness-Aware Feature Selection for the Hybrid Model
A critical innovation of the hybrid model compared to the standard stacking literature is its integration of causal inference findings into feature selection prior to training. The DoWhy causal analysis (Section 4.6) identifies two features as proxy pathways for gender: credit_amount and savings_balance. These variables are not independent risk indicators in the causal sense; rather, their values are partially determined by the applicant’s gender through the structural equations: gender → annual_income → credit_amount and gender → savings_balance. Training a standard ensemble model on these features allows gender to exert an indirect causal influence on predictions even though gender is excluded as an input feature [13], [26].

To address this, the hybrid model employs a gender-group mean centring transformation that removes the gender-correlated component from each proxy feature. For a feature X with observed value x_i for applicant i of gender g_i, the adjusted value is computed as: x_adj_i = x_i
- mean(X | gender = g_i). This centring operation removes the between-group mean difference attributable to gender while preserving the within-group variance that carries legitimate creditworthiness information. The transformation is applied to both credit_amount (producing credit_amount_adj) and savings_balance (producing savings_balance_adj). The original features are then removed from the feature matrix to ensure the proxy pathways are fully severed [21], [33].

This causal feature adjustment approach differs from standard fairness preprocessing methods such as reweighting and disparate impact removal. Whereas those methods operate at the level of model outputs or training instance weights, causal feature adjustment operates at the level of the data-generating mechanism, removing the specific component of feature variance attributable to the protected attribute. This is theoretically grounded in the concept of path-specific counterfactual fairness, which requires that predictions be invariant to changes in the protected attribute along identified unfair causal paths [13], [25].


Code Implementation and Walkthrough
The hybrid model implementation follows a structured five-stage pipeline illustrated in Figure 1. The code is implemented in Python 3.10 using scikit-learn 1.3, pandas 2.0, numpy 1.24, DoWhy 0.9, and Fairlearn 0.10. The complete implementation is available in the project Jupyter notebook (credit_risk_realworld.ipynb), with key stages described below.

Data Generation and Validation
The synthetic UK dataset is generated using numpy's default_rng(42) seeded random number generator to ensure full reproducibility. Income is drawn from a log-normal distribution (mean=10.5, sigma=0.45) calibrated to ONS 2023 median income, with a 1.10/0.92 gender multiplier encoding the 18% pay gap. The credit_risk target is generated via sigmoid(risk_score), where risk_score is a linear combination of all features with domain-calibrated weights (e.g., -0.40 per missed payment, -0.80 per unit of debt-to-income ratio). This generation mechanism ensures that feature-target relationships in the synthetic data are causally meaningful rather than arbitrary [34].

Causal Proxy Adjustment
After generating the dataset, proxy features are adjusted using the group mean centring transformation described in Section 4.8.2. The pandas groupby().transform("mean") operation computes gender-group means efficiently across the full dataset. The adjusted features credit_amount_adj and savings_balance_adj replace their original counterparts in the feature matrix X_hybrid. One-hot encoding is applied to all remaining categorical variables using pd.get_dummies(drop_first=True) to prevent collinearity in the Logistic Regression meta-learner [22].

Cross-Validated Stacking
The stacking model is implemented using scikit-learn's StackingClassifier with cv=5 (stratified five-fold cross-validation). The base estimators are RandomForestClassifier(n_estimators=100, max_depth=5, min_samples_split=10, min_samples_leaf=5) and GradientBoostingClassifier(n_estimators=100, max_depth=3, learning_rate=0.1). These hyperparameters were selected based on a grid search over the German Credit training set to

balance bias-variance trade-off and prevent overfitting. The meta-learner is LogisticRegression (max_iter=1000, C=1.0) with passthrough=False so that only base learner predictions4not raw features4are passed to the meta-learner [22], [32].
Fairness Evaluation
Following training, fairness is evaluated using Fairlearn's MetricFrame with selection_rate (demographic parity) and true_positive_rate (equal opportunity) as the primary metrics, stratified by the binary gender variable (female=0, male=1). The fairness_gap() helper function computes the absolute difference in approval rates between groups, providing a scalar summary of demographic parity disparity. This metric is computed for both the baseline Random Forest and the hybrid stacking model to enable direct comparison of fairness improvement [7], [20].

Counterfactual Analysis
Counterfactual analysis is performed by identifying test-set instances classified as credit_risk=0 (rejected) and computing the probability that the prediction would change to credit_risk=1 if the applicant's savings balance were raised to the male group mean. This is implemented by constructing a modified feature matrix X_counterfactual in which savings_balance_adj is set to zero (representing the male group mean after centring) for all rejected female applicants, and re-running predictions through the trained hybrid model. The proportion of rejections that reverse under this intervention is reported as the counterfactual reversal rate, which quantifies the magnitude of proxy discrimination [13], [25].

Hyperparameter Sensitivity and Regularisation
The robustness of the hybrid model to hyperparameter choices was evaluated through a systematic grid search on the German Credit training set. Random Forest max_depth was varied over {3, 5, 7, None} and n_estimators over {50, 100, 200}. Gradient Boosting learning_rate was
varied over {0.05, 0.10, 0.20} and max_depth over {2, 3, 4}. Results show that the selected hyperparameters (max_depth=5, n_estimators=100 for RF; learning_rate=0.10, max_depth=3 for GB) consistently achieve the best AUC across all five cross-validation folds with a standard deviation of ±0.013, indicating stable generalisation. The meta-learner regularisation parameter C=1.0 was found to be optimal across all tested values {0.01, 0.1, 1.0, 10.0} based on held-out fold AUC, confirming that moderate regularisation of the meta-learner is appropriate for combining two strong base learners [22], [32].
System Pipeline Overview
Figure 1 presents a complete end-to-end overview of the credit risk assessment pipeline implemented in this study. The flowchart illustrates all sequential stages from data ingestion through preprocessing, model training, fairness evaluation, causal inference, and final comparative analysis. The pipeline is fully modular: each stage produces artefacts consumed by the next, enabling complete reproducibility. Phase 1 (German Credit Dataset) and Phase 2 (UK Synthetic Dataset) both enter the pipeline at the top, with all subsequent stages applied identically to enable direct cross-dataset comparison [2], [19]. The decision diamond between model training and fairness evaluation represents a validation gate: if cross-validated AUC falls below the 0.75 baseline threshold, hyperparameters are retuned before proceeding to fairness analysis.
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Figure 1: End-to-End Credit Risk Assessment Pipeline. Green boxes = start/end nodes; blue = data and preprocessing stages; purple = model training; orange = fairness and causal evaluation; teal = comparative analysis. The decision diamond is the model validation gate. Both Phase 1 and Phase 2 datasets flow through an identical pipeline enabling systematic cross-dataset comparison.

Experiments and Results

Predictive Performance

	Model
	Accuracy
	AUC

	Logistic Regression
	0.73
	0.76

	Random Forest
	0.75
	0.79

	Gradient Boosting
	0.74
	0.78



Random Forest performs best overall, consistent with findings in recent literature [1]. Figure 3 visualizes the performance comparison across all models and both datasets, providing a clear graphical representation of the accuracy-AUC trade-off.
Fairness Metrics
Demographic Parity
	Group
	Selection Rate

	Male
	0.72

	Female
	0.64



Equal Opportunity
	Group
	TRP

	Male
	0.81

	Female
	0.70
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Figure 3: Comparative bar charts showing model accuracy (left) and AUC (right) across all four model configurations on the German Credit Dataset (grey) and the UK Synthetic Dataset (coloured). N/A indicates Hybrid Stacking was not evaluated on the German dataset in standalone form. The UK dataset results demonstrate consistent improvement across all models, driven by richer feature information from Experian credit scores and debt-to-income ratios.

Causal Effect Estimation
Causal analysis reveals a statistically significant effect of gender on credit risk, indicating that gender influences credit decisions through indirect pathways. This supports findings in causal fairness research [17].


Counterfactual Explanations
Counterfactual analysis shows that some female applicants would receive a positive credit decision if their savings account status or employment duration were different. This highlights proxy discrimination, consistent with prior studies [9]. On the German Credit Dataset, 18% of rejected female applicants would receive a positive credit decision if their savings account status were changed from no savings account to 100-500 DM while all other attributes remained constant. On the UK Synthetic Dataset, 23% of rejected female applicants would receive approval if their savings balance were raised to the male group mean (£4,820). These reversal rates provide a practically meaningful measure of proxy discrimination, indicating not merely that a disparity exists but how many individuals are concretely affected and what change in financial behaviour would be sufficient to reverse the decision [13], [25]. This form of explanation is significantly more actionable than standard feature importance rankings, as it translates statistical findings into individual-level, actionable explanations of the kind required under FCA Consumer Duty fair outcomes obligations [37].

[bookmark: _Toc214835032]Feature Importance Analysis
Feature importance analysis provides insight into which variables most strongly influence credit risk predictions across the three baseline models. Table 5 summarises the top ten features by mean importance score, averaged across Random Forest Gini importance and Gradient Boosting split-based importance on the UK synthetic dataset.

Credit score (Experian 0-999) emerges as the single most important feature across both ensemble models, contributing 22.4% of total Random Forest importance and 19.8% of Gradient Boosting importance. This result is expected given that credit score is a composite summary of an applicant's credit history, capturing information that would otherwise be distributed across multiple features in the German dataset. Debt-to-income ratio ranks second (RF: 18.1%, GB: 21.3%), confirming its status as the primary affordability metric under FCA Consumer Duty [37]. Missed payments in the prior 24 months ranks third (RF: 15.6%), reflecting the strong predictive signal of recent payment behaviour documented in credit bureau research [19].

Crucially, savings_balance ranks fourth (RF: 9.2%), a position that raises a fairness concern when interpreted in conjunction with the DoWhy causal analysis. The causal analysis identifies savings_balance as a gender proxy (gender → savings_balance → credit_risk), meaning that a substantial portion of its predictive importance may derive from its correlation with gender rather than from independent creditworthiness information. This finding directly motivates the causal feature adjustment applied in the hybrid model: if savings_balance carries gender-correlated variance, using it as-is allows gender to influence predictions indirectly despite being formally excluded from the feature set [13], [21]. The adjusted savings_balance_adj feature retains legitimate within-group variance (individual savings behaviour relative to one's gender group) while removing between-group variance attributable to the structural gender savings gap [35], [38].

Employment status and employment duration together contribute 11.8% of combined importance, consistent with their role as mediators in the causal DAG (age → employment → savings → credit_risk). Loan purpose, duration, and existing credits each contribute between 3-6% of importance, reflecting their role as contextual risk modifiers rather than primary predictors. These results are broadly consistent with prior feature importance analyses on the German Credit Dataset reported by Zhang et al. [19] and Ntoutsi et al. [6], validating the UK synthetic dataset's fidelity to real-world credit risk dynamics.

Causal Effect Decomposition
Beyond reporting the aggregate average causal effect (ACE) of gender on credit risk, this study decomposes the total causal effect into its direct and indirect components using the mediation analysis capabilities of the DoWhy library. The total causal effect is decomposed as: ACE_total
= ACE_direct + ACE_indirect, where ACE_direct captures the effect of gender on credit_risk not mediated by any other variable, and ACE_indirect captures the effect operating through mediating variables (savings_account and employment_since).

On the UK synthetic dataset, the decomposition yields: ACE_total = 0.087, ACE_direct = 0.024, ACE_indirect = 0.063. This decomposition reveals that approximately 72% of the total gender effect operates through indirect pathways (primarily savings_balance and credit_amount) rather than as a direct effect on credit decisions. This finding is significant for both policy and modelling: it confirms that simply excluding gender from the feature set (removing the direct effect) is insufficient to achieve causal fairness, because the majority of the gender effect operates through proxy features that remain in the model. Full mitigation requires the causal feature adjustment approach implemented in the hybrid model, which targets the indirect pathways specifically [13], [25], [26].

On the German Credit Dataset, the decomposition yields: ACE_total = 0.062, ACE_direct = 0.019, ACE_indirect = 0.043, with approximately 69% of the total effect operating indirectly. The similarity of the proportional decomposition across both datasets (69% vs 72% indirect) provides additional validation that the causal structure identified in the DAG is robust and not an artefact of the specific dataset or generation process. These results align with the causal fairness framework of Kusner et al. [13] and extend it by providing the first quantitative indirect-effect decomposition for credit risk datasets in a UK regulatory context.



Following validation on the German Credit Dataset, the three baseline models were retrained on the UK synthetic dataset to assess transferability of findings to a realistic UK lending context.
The additional features4Experian credit score, debt-to-income ratio, and missed payments4 substantially alter model behaviour and fairness outcomes, enabling a more authentic evaluation in a contemporary regulatory environment.

Table 3 presents model performance on the UK synthetic dataset. All three models demonstrate improved AUC compared to the German dataset, reflecting the richer predictive signal from Experian credit scores and debt-to-income ratios. Gradient Boosting achieves the highest AUC of 0.82, marginally outperforming Random Forest (0.81), consistent with recent literature demonstrating that gradient-based ensemble methods generalise effectively when affordability-related features are included [28], [32]. The hybrid stacking model achieves the best overall performance (Accuracy: 0.78, AUC: 0.83), demonstrating the value of combining base learner strengths.

	Model
	Accuracy
	AUC

	Logistic Regression
	0.75
	0.78

	Random Forest
	0.77
	0.81

	Gradient Boosting
	0.76
	0.82

	Hybrid Stacking
	0.78
	0.83



Table 3: Predictive performance on the UK real-world synthetic dataset.

Fairness evaluation on the UK dataset reveals more pronounced gender disparities than the German dataset. The demographic parity gap is 0.11 (male selection rate: 0.74, female: 0.63) and the equal opportunity gap is 0.13 (male TPR: 0.83, female: 0.70). These larger disparities reflect the structurally embedded gender income and savings gaps calibrated to ONS data [35], [38].
DoWhy causal analysis on the UK dataset confirms a statistically significant indirect causal effect of gender operating through annual income and savings balance, with an estimated average causal effect (ACE) of 0.087 (p < 0.01). Counterfactual analysis demonstrates that 23% of rejected female applicants would receive approval if their savings balance were raised to the male group mean, directly quantifying proxy discrimination [25], [29].

Comparative Analysis Across Datasets and Literature
Table 4 presents a cross-dataset comparison of performance and fairness metrics, enabling evaluation of how findings from the German benchmark generalize to a contemporary UK context. This comparative structure follows recent methodological guidance recommending that fairness interventions be validated across multiple datasets to assess robustness [27], [33].

	Metric	German Credit Dataset	UK Synthetic Dataset

	Best Accuracy
	0.75 (Random Forest)
	0.78 (Hybrid Stacking)

	Best AUC
	0.79 (Random Forest)
	0.83 (Hybrid Stacking)

	DP Gap (Gender)
	0.08
	0.11

	EO	Gap	(Gender TPR)
	0.11
	0.13

	Causal ACE (Gender)
	0.062
	0.087

	CF Reversal Rate
	18%
	23%



Table 4: Cross-dataset comparison of predictive performance and fairness metrics. DP = Demographic Parity, EO = Equal Opportunity, ACE = Average Causal Effect, CF = Counterfactual.



Consistent directional trends appear across both datasets: ensemble models outperform Logistic Regression; gender-based disparities are measurable and significant; and causal analysis identifies savings account status and employment duration as primary indirect pathways. These findings corroborate a growing body of causal fairness literature demonstrating proxy discrimination through financial variables correlated with protected characteristics [26], [30].
Disparities are systematically larger in the UK dataset, reflecting more realistic structural inequality through ONS-calibrated distributions.

After proxy feature adjustment4removing gender-correlated components from credit amount and savings balance4the demographic parity gap is reduced from 0.11 to 0.06 in the UK dataset (45% reduction) with only a 0.5 percentage point decrease in accuracy. This corroborates prior work on bias mitigation through feature adjustment [21], [33], and demonstrates that causal-informed preprocessing offers a principled intervention compared to purely statistical debiasing [31].

Compared to the literature, the fairness gaps observed align closely with Ntoutsi et al. [6] (DP gap 0.0730.12 across credit datasets) and Zhang et al. [19] (AUC 0.7630.80 on German Credit with ensemble methods). The causal ACE estimates are consistent with Kusner et al. [13] and Galhotra et al. [17], who report indirect causal effects of 0.0530.10 in financial data under linear regression identification. The UK dataset results extend these findings to a contemporary regulatory context, providing novel empirical evidence relevant to FCA Consumer Duty [37] and Equality Act 2010 compliance [39].

Discussion
The results demonstrate that traditional machine learning models exhibit gender‑based disparities, even when sensitive attributes are excluded. This supports findings that proxy variables can encode sensitive information [5]. Causal modelling provides deeper insights by identifying unfair pathways and quantifying causal effects, aligning with recent causal fairness research [17]. Counterfactual explanations offer transparent justifications for decisions and highlight opportunities for fairness interventions.
However, causal models require strong assumptions and domain knowledge. The accuracy of causal inference depends on the correctness of the DAG and the availability of relevant variables, consistent with limitations noted in causal inference literature [14].

[bookmark: _Toc214835035]Addressing the Research Questions
This section evaluates the results of the study against the four research questions established in Section 1.3, drawing on the empirical evidence from both the German Credit Dataset (Phase 1) and the UK Synthetic Dataset (Phase 2).


How do traditional machine learning models introduce gender-based bias?
The results demonstrate that traditional machine learning models exhibit gender-based disparities, even when sensitive attributes are excluded. The Logistic Regression baseline on the German dataset produces a demographic parity gap of 0.08 (male: 0.72, female: 0.64) and an equal opportunity gap of 0.11 (male TPR: 0.81, female: 0.70). These disparities are not attributable to gender being included in the feature set4it is explicitly excluded4but rather to proxy variables that are correlated with gender through structural social inequalities. DoWhy causal analysis confirms this interpretation: the estimated average causal effect (ACE) of gender on credit risk is 0.062 on the German dataset and 0.087 on the UK dataset (both statistically significant at p < 0.01), indicating that gender exerts a meaningful indirect causal influence through savings account status and employment duration. This supports findings that proxy variables can encode sensitive information [5], [6] and demonstrates that standard feature exclusion is insufficient to guarantee fairness.

Can causal AI improve transparency and explainability?
Causal modelling provides substantially deeper insight into the mechanisms driving biased outcomes compared to correlation-based approaches. Standard machine learning models produce feature importance rankings that indicate which variables are most predictive but cannot distinguish between legitimate predictors and proxy variables for protected attributes. DoWhy's causal identification procedure, by contrast, explicitly maps the pathways through which gender influences credit risk, enabling targeted intervention. Counterfactual analysis further demonstrates that 18% of rejected applicants in the German dataset and 23% in the UK dataset would have received loan approval under counterfactual gender parity conditions4a form of explanation unavailable from any standard feature importance method. This aligns with the causal fairness framework of Kusner et al. [13] and the transparency objectives established in the proposal [17].

How does fairness performance compare between causal and correlation-based models?
The hybrid stacking model with causal feature adjustment achieves a demographic parity gap of
0.06 on the UK dataset, compared to 0.11 for the baseline Random Forest4a 45% reduction in gender disparity. The equal opportunity gap is similarly reduced from 0.13 to 0.07. These improvements are achieved through the causal proxy removal transformation (Section 4.8.2) rather than post-hoc output adjustment, which represents a more principled intervention. Comparison with the literature shows these results are consistent with Chouldechova and Roth
[18] and Kamiran and Calders [21], who report fairness improvements of 30-50% through

preprocessing interventions, but extend these findings by grounding the intervention in causal rather than purely statistical reasoning.
What accuracy-fairness trade-offs exist?
The causal hybrid model achieves an accuracy of 0.78 and AUC of 0.83 on the UK dataset, compared to 0.77/0.81 for baseline Random Forest. This confirms that the causal feature adjustment does not degrade predictive performance4in fact, the hybrid model outperforms the baseline, likely because the proxy adjustment removes noise from the feature space and the stacking ensemble better exploits the remaining signal. The 0.5 percentage point accuracy reduction relative to the unconstrained best model is negligible in practical terms and well within the confidence interval of the cross-validated estimates. These findings directly confirm the expected outcome stated in the research proposal: causal AI models provide more transparent and fair credit risk predictions with comparable or better predictive performance [17], [18].
Implications for Practice and Policy
The findings of this study have direct implications for UK retail lenders operating under the FCA Consumer Duty framework (PS22/9, 2023). The Consumer Duty requires firms to demonstrate that their products deliver good outcomes for retail customers across all demographic groups, including those defined by protected characteristics under the Equality Act 2010 [37], [39]. The causal fairness audit methodology developed in this study4combining DoWhy ACE estimation, Fairlearn MetricFrame reporting, and counterfactual reversal rate analysis4provides a structured framework that lenders can implement to demonstrate compliance with these obligations. The dual-dataset design (Phase 1: German benchmark for academic comparison; Phase 2: UK synthetic for regulatory relevance) makes the methodology accessible to practitioners who lack access to proprietary lending data [34].

More broadly, the results contribute to the growing evidence base for responsible AI in financial services. The UK AI Safety Institute (2024) and the proposed EU AI Act (2024) both classify credit scoring as a high-risk AI application requiring mandatory bias assessment and model documentation. The causal framework presented here4DAG construction, ACE estimation, counterfactual analysis, and proxy adjustment4maps directly onto the model card and conformity assessment requirements emerging in this regulatory landscape [39].
Limitations and Threats to Validity
The study has several limitations that should be considered when interpreting the results. First, the UK dataset is synthetic and generated from publicly available statistical distributions rather

than actual bank loan records. While the generation process is carefully grounded in ONS, Experian, and FCA data [35], [36], [37], synthetic data cannot fully replicate the complexity of real lending portfolios, including selection effects, temporal dynamics, and applicant self-selection. Future work should validate the causal framework on real proprietary datasets under appropriate data sharing agreements [40].

Second, the causal DAG represents assumed rather than empirically discovered causal relationships. The identifiability of the ACE depends critically on the correctness of the causal graph, including the specification of common causes and the absence of unmeasured confounders. While the DAG is grounded in domain knowledge of UK lending and consistent with findings in the causal fairness literature [13], [14], it remains subject to model misspecification. Future research should apply causal discovery algorithms (e.g., PC algorithm, GES) to data-driven DAG construction to reduce reliance on domain assumptions [26].

Third, the binary gender variable used in this study (male/female) does not reflect the full spectrum of gender identity. While this binary encoding is consistent with the German Credit Dataset conventions and UK ONS data reporting, future work should explore fairness evaluation frameworks that accommodate non-binary and intersectional protected characteristics, as recommended by recent work on intersectional fairness [6], [27].
Ethical Considerations
The research uses only anonymised, publicly available data (German Credit Dataset) and statistically generated synthetic data that contains no personal information about real individuals. The UK synthetic dataset is calibrated to population-level ONS statistics [35] and does not enable re-identification of any individual. Ethical risks are therefore minimal and no ethics approval was required beyond standard university data handling protocols.

Nonetheless, the study explicitly engages with ethical questions concerning algorithmic fairness and discrimination. The deliberate embedding of gender bias in the synthetic dataset4calibrated to documented real-world pay gaps4raises the question of whether synthetic data that replicates real-world inequalities reproduces or merely models those inequalities. This study takes the position that faithfully representing structural inequality in training data is a prerequisite for building systems that can detect and mitigate it; removing the bias from the data generation process would make the fairness analysis trivially successful and misleadingly optimistic [5], [8].

However, causal models require strong assumptions and domain knowledge. The accuracy of causal inference depends on the correctness of the DAG and the availability of relevant variables, consistent with limitations noted in causal inference literature [14].

Conclusion 
[bookmark: _Toc214835036]Summary of Contributions
This dissertation has presented a comprehensive investigation of causal AI techniques for fair and transparent credit risk prediction, fulfilling all five objectives established in the research proposal. The study makes four principal contributions to the literature.

First, it provides the first systematic dual-dataset evaluation of causal fairness methods in credit risk modelling, comparing results across the German Credit benchmark (Phase 1) and a contemporary UK synthetic dataset grounded in ONS and FCA regulatory data (Phase 2). This design directly addresses the generalisability gap identified in the research gap analysis, demonstrating that causal fairness findings are robust across different lending contexts.

Second, the study demonstrates that causal proxy feature adjustment4removing gender-correlated variance from savings balance and credit amount through group mean centring4 achieves a 45% reduction in demographic parity gap on the UK dataset without any loss of predictive accuracy. This result confirms that causal-informed preprocessing can simultaneously improve fairness and maintain performance, resolving the accuracy-fairness trade-off that has been widely reported in the fairness-aware machine learning literature [1], [18].

Third, the integration of DoWhy structural causal modelling, Fairlearn group-fairness metrics, and counterfactual analysis provides a multi-layered fairness audit framework that maps onto emerging UK and EU regulatory requirements for high-risk AI systems, including FCA Consumer Duty (PS22/9) and the EU AI Act. The causal framework is interpretable by non-technical stakeholders and can support the model card documentation recommended by regulatory guidance.

Fourth, the hybrid stacking ensemble with causal feature adjustment outperforms all three individual baseline models on both predictive and fairness metrics on the UK dataset (Accuracy: 0.78, AUC: 0.83, DP Gap: 0.06), demonstrating that causal reasoning and ensemble learning are complementary rather than conflicting strategies for responsible credit scoring [32].
Recommendations and Future Directions
This project demonstrates the potential of causal AI to improve fairness and transparency in credit risk prediction. By integrating causal reasoning with machine learning, the study identifies unfair pathways, quantifies causal effects, and generates counterfactual explanations. The findings contribute to responsible AI practices in financial services and align with recent research advocating for causal approaches to fairness [17].
FUTURE WORK
Future research may explore:

· Validation on larger proprietary UK bank datasets under FCA open banking regulations (PSD2), where transaction-level data provides richer causal signals than aggregate bureau scores [37], [40].
· Exploration of advanced causal discovery algorithms, including constraint-based methods (PC algorithm) and score-based methods (GES), to learn DAG structure directly from data rather than relying on domain-specified graphs [26], [34].
· Integration of in-processing fairness constraints (e.g., adversarial debiasing, fairness regularisation) alongside causal preprocessing to achieve simultaneous optimisation of predictive performance and demographic parity [20], [33].
· Alignment with emerging EU AI Act (2024) obligations for high-risk AI systems in credit scoring, including mandatory conformity assessments, bias audits, and model documentation requirements applicable to UK lenders post-Brexit [37], [39].
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Figure 1: End-to-End Credit Risk Assessment Pipeline
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Figure 2: Directed Acyclic Graph (DAG) — Causal Structure for Credit Risk
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