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Abstract
Credit risk prediction plays a critical role in financial decision-making, influencing loan approvals, interest rates, and access to credit. While machine learning models have improved predictive accuracy, they often lack transparency and may perpetuate bias against protected groups. This research proposes the use of causal artificial intelligence (AI) techniques to enhance fairness and transparency in credit risk prediction. By integrating causal reasoning with predictive modeling, the study aims to distinguish genuine risk factors from spurious correlations and provide interpretable, fair credit decisions. Publicly available credit datasets will be used to compare causal AI models with traditional machine learning approaches in terms of accuracy, fairness, and explainability.

[bookmark: introduction]1. Introduction
The adoption of machine learning techniques has significantly transformed credit risk assessment in the financial sector. Automated credit scoring systems are widely used due to their efficiency and scalability; however, many operate as black-box models, making it difficult to interpret decisions or justify them to regulators and customers. Additionally, correlation-based models may unintentionally encode historical and societal biases present in training data, leading to unfair credit decisions.
Recent research has explored fairness-aware machine learning and explainable artificial intelligence to address these issues. While such approaches improve interpretability, they primarily rely on post-hoc explanations and do not address the underlying causal mechanisms responsible for biased outcomes. As a result, fairness cannot be guaranteed during model training or deployment.
This research differs from existing studies by explicitly integrating causal reasoning into credit risk prediction. By modelling cause–effect relationships between applicant attributes and credit outcomes, the proposed approach aims to provide transparent, justifiable, and fair credit decisions that align with regulatory and ethical requirements.


[bookmark: research-problem-and-rationale]2. Research Problem and Rationale
Despite their predictive success, traditional credit risk models rely heavily on statistical correlations, which may lead to discriminatory outcomes when sensitive attributes are implicitly encoded [3], [4], [13]. Post-hoc explainability methods offer limited insight into true causal mechanisms. This research is motivated by the need to develop credit risk prediction models that are not only accurate but also fair and interpretable. By adopting a causal AI framework, this study seeks to address bias at its root and provide transparent explanations aligned with regulatory and ethical requirements. [1], [3], [10]

[bookmark: aim-and-objectives]3. Aim and Objectives
Aim
The primary aim of this research is to investigate the effectiveness of causal AI techniques in improving fairness and transparency in credit risk prediction.
Objectives
1. To review existing literature on credit risk modeling, fairness, and causal AI.
2. To develop baseline machine learning models for credit risk prediction.
3. To construct a causal framework representing relationships between credit-related variables.
4. To evaluate models using predictive, fairness, and interpretability metrics.
5. To compare causal AI models with traditional approaches.

[bookmark: research-questions]4. Research Questions
1. How do traditional machine learning models introduce bias in credit risk prediction?
2. Can causal AI improve the transparency and explainability of credit decisions?
3. How does the fairness performance of causal AI compare to correlation-based models?
4. What trade-offs exist between accuracy and fairness in causal credit models?

[bookmark: literature-review]5. Literature Review
Credit risk prediction has evolved from traditional statistical models to advanced machine learning approaches. Logistic regression has long been used due to its simplicity and interpretability; however, it struggles to capture nonlinear relationships present in real-world financial data. Recent studies increasingly adopt machine learning models such as random forests, gradient boosting, and ensemble techniques to improve predictive accuracy and robustness in credit scoring systems. [10], [16]
In the last five years, growing attention has been paid to fairness and bias in credit risk prediction. Empirical studies demonstrate that machine learning models trained on historical financial data may disadvantage protected groups when sensitive attributes or their proxies are present. To mitigate such issues, fairness-aware machine learning techniques have been proposed, including data preprocessing, algorithmic constraints, and post-processing adjustments. While these methods improve fairness metrics, they remain fundamentally correlation-based and lack causal justification. [1], [5], [14]
Explainable AI techniques have also gained prominence in recent credit risk research. Methods such as feature importance analysis and local explanation models enhance transparency and regulatory compliance. However, these techniques explain model behaviour after decisions are made and do not prevent biased learning during training. Consequently, explainability alone is insufficient to ensure fair credit decision-making. [4], [8], [18]
More recent research introduces causal AI as a promising paradigm for fair and transparent decision systems. Causal approaches model explicit cause–and–effect relationships and enable counterfactual reasoning, allowing practitioners to assess whether a credit decision would change under hypothetical interventions. Despite increasing theoretical interest, empirical applications of causal AI to credit risk prediction remain limited, particularly comparative studies that evaluate causal and correlation-based models using recent datasets. This research addresses this gap by providing an up-to-date, systematic evaluation of causal AI techniques for credit risk prediction. [6], [11], [12]


[bookmark: methodology]6. Research Gap
Despite extensive research on machine learning-based credit risk prediction, several critical gaps remain. First, most existing models focus primarily on predictive accuracy and rely on correlation-based learning, which limits their ability to distinguish between legitimate risk factors and spurious associations. As a result, sensitive attributes may indirectly influence credit decisions, leading to unfair outcomes.
Second, current fairness-aware and explainable AI approaches are largely post-hoc in nature. While they provide explanations after a decision has been made, they do not prevent biased decision-making during model training and do not offer causal guarantees of fairness.
Third, there is a lack of empirical studies that systematically compare causal AI models with traditional machine learning models in real-world credit risk settings, particularly with respect to the joint trade-off between accuracy, fairness, and transparency.
This research will specifically address these gaps by developing and evaluating a causal AI-based credit risk prediction framework that explicitly models causal relationships between applicant attributes and credit outcomes. The study will focus on identifying and removing unfair causal pathways, generating counterfactual explanations for credit decisions, and empirically comparing causal models with conventional machine learning approaches to determine their effectiveness in producing fair, transparent, and reliable credit risk predictions.

7. Methodology
This research adopts a quantitative, experimental research design to systematically compare correlation-based machine learning models with causal AI approaches for credit risk prediction. The methodology is designed to demonstrate technical competence, analytical reasoning, and professional research practice. [2], [10]
[bookmark: dataset]7.1 Dataset
Publicly available and widely used credit risk datasets, including recent benchmark datasets, will be employed. These datasets contain applicant financial information, credit history, and selected demographic attributes. Data preprocessing will include handling missing values, encoding categorical variables, normalization, and identification of sensitive attributes relevant to fairness analysis. [7], [14]
[bookmark: models]7.2 Proposed Research Design and Approach
The research follows a comparative experimental framework. First, correlation-based machine learning models will be developed as baseline predictors. Second, a causal framework will be designed by constructing a directed acyclic graph representing assumed causal relationships between applicant attributes and credit outcomes. Third, causal AI models will be implemented using this structure to generate predictions and counterfactual explanations. Finally, both approaches will be evaluated and compared using accuracy, fairness, and transparency metrics.
[bookmark: fairness-metrics]7.3 Models and Algorithms
Baseline models include Logistic Regression and ensemble-based algorithms such as Random Forests and Gradient Boosting, which are commonly used in credit scoring due to strong predictive performance. These correlation-based models serve as benchmarks. The proposed causal AI approach employs structural causal models and counterfactual reasoning to identify unfair causal pathways and assess decision robustness under hypothetical interventions. [10], [16]
7.4 Evaluation Metrics
Predictive performance will be evaluated using accuracy and AUC. Fairness will be assessed using demographic parity and equal opportunity metrics. Transparency will be evaluated through counterfactual explanations demonstrating how minimal changes in applicant attributes influence credit decisions. [3], [5]
[bookmark: expected-outcomes]8. Expected Outcomes
The study is expected to demonstrate that causal AI models provide more transparent and fair credit risk predictions, with comparable predictive performance to traditional machine learning models [10], [17]. [6], [10], [18]

[bookmark: limitations]9. Limitations
The study relies on publicly available datasets, which may limit generalizability. Causal assumptions may not fully capture real-world credit decision processes.

[bookmark: ethical-considerations]10. Ethical Considerations
The research uses anonymized, publicly available data. No personal identification is involved, and ethical risks are minimal.

[bookmark: timeline]11. Timeline
The proposed research will be carried out over an estimated period of sixteen weeks. The timeline is structured to ensure systematic progress from project planning to final submission, with adequate time allocated for analysis and evaluation. The planned activities are outlined below:
	Week(s)
	Planned Activities

	1–2
	Definition of project scope, completion of ethical approval requirements, and preparation of a detailed research plan

	3–5
	In-depth literature review and refinement of research objectives and methodology

	6
	Collection of credit risk datasets and preliminary exploratory data analysis

	7
	Data cleaning, preprocessing, and feature selection

	8
	Development and evaluation of baseline predictive models

	9
	Implementation of advanced machine learning models

	10
	Fairness evaluation using statistical metrics and bias assessment

	11
	Development of causal models and counterfactual reasoning experiments

	12
	Robustness testing and ablation experiments

	13–14
	Analysis of experimental results and drafting of the dissertation

	15
	Revision, proofreading, and formatting of the final report

	16
	Final submission preparation and viva examination practice



[bookmark: conclusion]12. Conclusion
This proposal outlines a structured approach to applying causal AI for fair and transparent credit risk prediction. By integrating causal reasoning into predictive modeling, the research aims to contribute to ethical and accountable financial AI systems.
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