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Abstract—Algorithmic bias within automated credit 

scoring systems presents substantial ethical and 

regulatory challenges, particularly regarding gender-

based discrimination, which can perpetuate systemic 

economic inequality. While machine learning models 

offer increased efficiency in risk assessment, they often 

inadvertently amplify historical biases embedded within 

training datasets. This research proposes a 

comprehensive, multi-layered framework for auditing 

and neutralizing such algorithmic bias, specifically 

addressing the challenges inherent in the highly 

imbalanced Home Credit Default Risk dataset. 

We employ an eleven-feature model architecture, 

leveraging advanced gradient-boosting techniques to 

capture complex finan-cial interactions. Our 

methodology introduces a dual-stage miti-gation 

pipeline that rigorously compares pre-processing 

Reweigh-ing strategies with post-processing Threshold 

Optimization to balance fairness and utility. Our 

empirical analysis, validated through Stratified 5-Fold 

Cross-Validation, demonstrates that fairness and 

predictive performance are not inherently conflicting 

objectives; rather, they can be mutually optimized 

through strategic interventions. 

We successfully reduced the baseline demographic 

disparity gap from 11.39% to an optimal 0.05%, while 

simultaneously enhancing the model’s overall balanced 

accuracy, with results confirmed as statistically 

significant (p < 0.05). Furthermore, we integrate 

SHAP (Shapley Additive Explanations) to provide 

robust local and global model interpretability, ensuring 

decision-making transparency and guarding against the 

emergence of hidden proxy discrimination. This 

research offers a scalable solu-tion for high-stakes 

financial environments, providing a definitive blueprint 

for financial institutions to align their predictive models 

with emerging Responsible AI mandates and rigorous 

regulatory compliance standards. By bridging the gap 

between technical performance and ethical 

accountability, this work contributes to the 

development of more equitable financial systems. 

 

Index Terms—Algorithmic Fairness, Demographic 

Parity, Bias Mitigation, Explainable AI (XAI), SHAP, 

Credit Risk Modeling, Proxy Discrimination, 

Regulatory Compliance (ECOA/GDPR), Stratified 

Validation, Financial Machine Learning. 

 

I. INTRODUCTION 

 

The rapid integration of Machine Learning (ML) and 

au-tomated decision-making systems in global 

financial services has fundamentally revolutionized 

the loan approval process, offering unprecedented 

gains in operational efficiency and predictive speed. 

However, these advancements have brought to the 

forefront the critical challenge of algorithmic bias. 

When models are trained on historical data, they 

often inherit, en-code, and subsequently amplify the 

structural biases prevalent in societal decision-

making. In the context of credit scoring, any reliance 

on protected attributes such as gender whether 

through direct inclusion or indirect correlation 

constitutes a direct violation of stringent regulatory 

frameworks, including the Equal Credit Opportunity 

Act (ECOA) and the General Data Protection 

Regulation (GDPR). 

The traditional paradigm of financial modeling has 

long pri-oritized ”predictive accuracy” as the singular 

metric of success. However, this focus on aggregate 

performance often comes at a high ethical cost, 

masking the disparate impact experienced by 

minority or protected groups. A standard model may 

achieve high overall precision by effectively 

optimizing for the majority population, thereby 

failing to capture the unique financial trajectories of 

female applicants or other marginalized 



© July 2026 | IJIRT | Volume 13 Issue 2 | ISSN: 2349-6002 

IJIRT 206928 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4083 

demographics. This creates a fundamental tension: 

the indus-try’s desire for high-performance risk 

assessment often clashes with the ethical requirement 

to provide equitable access to credit. 

 
Fig. 1. The Fairness-Aware Financial AI 

Architecture 

 

Furthermore, the complexity of modern ”black-box” 

mod-els, such as Gradient Boosting machines and 

Deep Neural Networks, has exacerbated the issue of 

proxy discrimination. In these systems, features that 

appear financially neutral such as geographical 

location, employment history, or even con-sumer 

spending patterns can function as high-fidelity 

proxies for gender, resulting in discriminatory 

outcomes that are not immediately visible to human 

auditors. This ”opacity of impact” makes traditional 

auditing methods insufficient. 

To address these systemic vulnerabilities, this 

research pro-poses a paradigm shift in financial AI. 

Rather than viewing fairness and accuracy as a zero-

sum trade-off, we argue that fairness-aware 

constraints can serve as a form of regulariza-tion. By 

integrating SHAP (Shapley Additive Explanations) 

interpretability with post-processing mitigation 

techniques, this study aims to create a transparent, 

auditable, and in-herently equitable framework. We 

bridge the gap between abstract theoretical fairness 

and the operational realities of retail banking, 

providing a scalable solution for institutions to 

navigate the complex landscape of Responsible AI 

and regulatory compliance. 

 

II. RESEARCH CONTRIBUTIONS 

 

This research significantly advances the state-of-the-

art in fairness-aware financial modeling and 

algorithmic governance by delivering the following 

seven primary contributions. Our work not only 

bridges the theoretical gap between predic-tive 

modeling and socio-economic fairness but also 

provides practical, scalable mechanisms for real-

world deployment in sensitive high-stakes credit 

environments, ensuring that the next generation of 

financial AI systems remains both highly accurate 

and rigorously compliant with ethical mandates. 

• Integrated Fairness-Audit Framework: We propose 

a comprehensive, multi-stage pipeline that bridges 

the gap between predictive financial modeling and 

algorithmic auditing. This framework 

systematically maps the entire lifecycle of a loan 

application, enabling the detection of latent biases 

that traditional accuracy metrics frequently fail to 

capture, thereby establishing a new standard for 

holistic risk-assessment transparency. 

• Mitigation of Proxy Discrimination: By integrating 

SHAP (Shapley Additive Explanations), we 

provide a transparent diagnostic layer that 

meticulously identifies how non-protected 

financial features act as proxies for gender. This 

ensures that model decisions are grounded in 

objective economic reality rather than 

demographic bias, effectively decoupling sensitive 

attributes from credit risk assessments in automated 

pipelines. 

• Statistical Robustness via Stratified Validation: 

Unlike anecdotal bias detection approaches, our 

framework uti-lizes robust Stratified 5-Fold Cross-

Validation paired with rigorous statistical 

significance testing (p < 0.05). This methodology 

confirms that the mitigation of demographic 

disparity is highly consistent across various data 

folds and is not merely a transient result of 

random sampling artifacts or overfitting. 

• Resolution of the Accuracy-Fairness Trade-off: 

We empirically demonstrate that when a baseline 

model is sub-optimal due to extreme class 

imbalance, fairness-aware post-processing acts as a 

powerful regularizer. This approach allows us to 

achieve near-zero demographic disparity levels 

while simultaneously enhancing overall predictive 

accuracy, challenging the industry assumption that 

fairness must always come at a cost to 

performance. 

• Operational Policy Blueprint: We provide an 

action-able, scalable blueprint for financial 

institutions to align automated credit scoring with 
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Responsible AI standards. This offers a viable, 

future-proof path to regulatory compliance 

(ECOA/GDPR) without sacrificing the fun-

damental, high-precision risk-assessment 

capabilities that are strictly required for long-term 

institutional financial profitability. 

• High-Dimensional Feature Interaction Analysis: 

Be-yond basic feature ranking, our study provides 

a deep analysis of how high-dimensional feature 

interactions contribute to systemic bias, revealing 

how subtle com-binations of financial behavior 

metrics can lead to the marginalization of specific 

vulnerable groups in digital lending environments. 

• Benchmark for Fairness in Imbalanced Financial 

Data: Finally, we establish a new benchmark for 

eval-uating fairness on highly imbalanced credit 

datasets. By introducing specific metrics for bias-

variance decomposi-tion in the context of fairness, 

we offer future researchers a standardized 

methodology to evaluate the stability of mitigation 

techniques across diverse and noisy financial 

datasets. 

 

III. RELATED WORK 

 

The pursuit of fairness in financial machine learning 

has evolved into a critical research domain, reflecting 

a growing consensus that predictive accuracy must be 

balanced with ethical accountability. Early literature 

primarily focused on optimizing loss functions to 

enhance classification perfor-mance; however, this 

narrow objective often overlooked the systemic 

propagation of historical biases. Recent scholarship 

has shifted toward fairness-aware interventions, 

categoriz-ing methods into pre-processing, in-

processing, and post-processing frameworks. 

Systematic studies have highlighted the limitations of 

black-box models in credit scoring, empha-sizing the 

urgent need for interpretability. Researchers have 

increasingly employed techniques like SHAP and 

LIME to audit model decisions, revealing that even 

seemingly objective features can function as 

discriminatory proxies. Despite these advancements, 

a significant gap remains in reconciling high-stakes 

financial profitability with stringent regulatory 

require-ments, such as ECOA and GDPR. Our work 

builds upon this foundation by integrating a dual-

stage mitigation pipeline that addresses this trade-off, 

moving beyond static bias detection toward a 

dynamic, interpretable, and compliance-driven frame-

work that actively protects marginalized groups 

within the credit lifecycle. 

Al-Hashedi et al. [1]: This study investigates the 

accuracy-fairness trade-off within credit risk 

modeling. It highlights that traditional models 

often achieve high precision at the cost of 

excluding minority demographics. The authors 

demon-strate that incorporating fairness constraints 

into the objective 

function allows for more equitable decision-making 

without significantly degrading the predictive 

capability of financial risk models. This research 

provides a solid foundation for justifying our 

proposed fairness-aware framework. 

Park et al. [2]: This paper examines the critical 

intersection of explainability and fairness in financial 

services. It argues that black-box algorithms are 

inherently dangerous in high-stakes lending because 

they lack interpretability. The authors utilize SHAP 

values to reveal how models develop latent biases. 

This study directly supports our decision to integrate 

SHAP as a diagnostic tool for ensuring that credit 

decisions remain transparent and audit-compliant. 

Santos et al. [3]: The authors analyze how proxy 

attributes, such as regional population density and 

employment dura-tion, inadvertently encode gender 

and socioeconomic bias. By conducting a 

comparative analysis of traditional scoring systems, 

they demonstrate that even models excluding sensi-

tive attributes remain biased due to feature 

correlation. Their work underscores the necessity of 

proactive pre-processing techniques to decouple 

financial risk from protected variables. Brown et al. 

[4]: This research audits the entire lending lifecycle, 

tracing bias from initial data ingestion to final 

loan disbursement. The study identifies that 

institutional data collection processes frequently 

mirror historical prejudices. It advocates for 

continuous algorithmic auditing, providing empirical 

evidence that modular pipeline interventions are 

essential for identifying the precise stages where 

gender dis-parities manifest and amplify within credit 

systems. 

Varma et al. [5]: This paper provides a rigorous 

techni-cal survey of fairness interventions in machine 

learning. It specifically evaluates the trade-offs 

between pre-processing, in-processing, and post-

processing methods. The authors con-clude that post-
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processing strategies, such as threshold opti-mization, 

offer a highly stable and regulatory-aligned solution 

for financial institutions, as they allow for granular 

control over parity metrics post-model development. 

Vishnubhatla et al. [6]: The authors propose a 

framework for operationalizing fairness, positioning 

it as a core business KPI rather than an ethical 

afterthought. This research highlights the gap 

between fairness theory and banking reality. It 

introduces governance metrics to ensure that bias 

mitigation strategies are maintained across model 

lifecycles, proving that ethical trans-parency can 

coexist with the rigorous stability requirements of 

global financial analytics. 

Markova [7]: This thesis offers an exhaustive analysis 

of bias mitigation within banking datasets. The 

research performs a cost-benefit analysis of being 

fair, demonstrating that models incorporating fairness 

constraints often yield more stable long-term 

predictions. By using real-world banking datasets, the 

study proves that fairness interventions do not 

inherently reduce profitability but rather filter out 

discriminatory risks, ultimately improving 

institutional stability. 

Kumar et al. [8]: This study offers a global 

perspective on how disparate international 

regulations influence AI bias im-plementation in 

finance. The authors examine the divergence between 

various legal frameworks and their impact on 

algorithmic design. This work emphasizes that 

Responsible AI must be adaptable, as local regulatory 

pressures significantly dictate the severity and 

methodology of the fairness interventions required for 

production-grade models. 

Gupta et al. [9]: This IEEE-published study advances 

fairness-aware predictive modeling by exploring 

training-phase constraints. The authors demonstrate 

that by adjusting weight parameters during the 

learning process, models can achieve intrinsic 

fairness. Their comparative experiments sug-gest that 

integrating fairness into the training loop is superior 

to post-hoc fixes for deep learning architectures, 

providing a path forward for our future framework 

extensions. 

Mehrabi et al. [10]: This seminal paper serves as a 

fundamen-tal survey of bias and fairness. It maps the 

taxonomy of bias, ranging from historical and 

representation bias to measurement and aggregation 

errors. By providing a structured vocabulary for 

categorizing these issues, it remains the standard 

reference for researchers. Every algorithmic fairness 

framework, includ-ing ours, relies on the definitions 

and error-detection logic established in this 

comprehensive survey. 

 

IV. METHODOLOGY 

 

My methodology is designed to address algorithmic 

bias through a robust, multi-stage pipeline. We 

selected the Home Credit Default Risk dataset due to 

its significant class imbal-ance and high-stakes 

predictive requirements, making it an ideal 

environment for fairness-aware testing. 

 

TABLE I DATASET STATISTICS AND FEATURE 

DISTRIBUTION 

Metric Value 

Total Records 307,511 

Female Applicants 65.8% 

Male Applicants 34.2% 

Default Rate 8.07% 

 

A. Data Acquisition and Feature Engineering 

We focused on 11 critical financial and demographic 

features, including EXT_SOURCE indices, 

AMT_CREDIT, AMT_ANNUITY, and 

DAYS_EMPLOYED. To ensure model integrity, we 

employed a SimpleImputer with a median strategy to 

handle missing values without introducing statistical 

noise. Gender (CODE_GENDER) was isolated as the 

sensitive at-tribute A. By filtering the dataset to 

include only binary gender labels (’M’, ’F’), we 

established a controlled environment for testing 

demographic parity. 

 

B. Technique and Implementation 

To achieve algorithmic fairness, we adopted a two-

pronged strategy: 

• Pre-processing (Reweighing): We implemented a 

reweighing technique to mitigate bias at the data 

level. We assigned distinct weights to instances 

based on the in-tersection of their gender and target 

labels. This technique was selected because it 

corrects historical bias within the training data 

distribution before the model is even trained, 

allowing for model-agnostic fairness. 

• Post-processing (Threshold Optimization): For 
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scenar-ios requiring absolute regulatory 

compliance, we utilized the ThresholdOptimizer 

from the Fairlearn toolkit. We chose this technique 

because it allows us to adjust the classification 

threshold for each gender group indepen-dently to 

satisfy constraints such as Demographic Parity and 

Equalized Odds. This ensures that the final model 

output strictly adheres to fairness constraints even 

if the underlying model exhibits latent bias. 

 

C. Experimental Setup 

Experiments were conducted using a Python-based 

pipeline (v3.11), utilizing Scikit-learn for base 

modeling and Fairlearn for fairness interventions. To 

ensure statistical reliability and guard against 

overfitting, we employed Stratified 5-Fold Cross-

Validation. This technique ensures that each fold 

maintains the same proportion of default/non-default 

instances, providing a stable estimate of both model 

accuracy and fairness disparity across diverse data 

segments. 

 

D. Model Architecture and Implementation 

Our predictive framework employs a dual-model 

architec-ture, systematically designed to address both 

classification performance and fairness constraints. 

• Baseline Model (Logistic Regression): We 

established a baseline using Logistic Regression 

with balanced class weights. This selection serves 

as a transparent, inter-pretable benchmark. By 

assigning higher weights to the minority class 

(loan defaults), we forced the model to 

acknowledge the dataset’s inherent imbalance, 

preventing it from defaulting to a majority-class 

bias. This provided a necessary reference point for 

quantifying initial gender-based disparity. 

• Advanced Model (LightGBM): For robust 

predictive performance, we implemented 

LightGBM (Light Gradient Boosting Machine). 

This model was selected for its ability to handle 

large-scale datasets and capture non-linear 

relationships between financial indicators that tra-

ditional regression models miss. LightGBM’s 

capacity to optimize gradient boosting through 

leaf-wise tree growth makes it particularly 

effective for high-stakes financial datasets where 

predictive accuracy and risk assessment are 

critical. 

• Fairness Mitigation (ThresholdOptimizer): To 

enforce Demographic Parity, we utilized the 

ThresholdOptimizer from the Fairlearn toolkit. 

Unlike pre-processing, which modifies data, this 

post-processing technique adjusts the decision 

boundary of the LightGBM model. It computes 

optimal thresholds for each gender group, ensuring 

that the selection rates for male and female applicants 

are statistically equal. This was chosen because it 

allows for strict adherence to regulatory requirements 

while preserv-ing the underlying predictive utility of 

the LightGBM architecture. 

• Validation Framework: To ensure that our findings 

were not merely the result of favorable data splits, 

we imple-mented Stratified 5-Fold Cross-

Validation. This ensured that each training and 

testing fold maintained a consistent representation 

of the default/non-default target variable. 

Furthermore, a paired t-test was conducted on the 

perfor-mance metrics across all folds, with p < 0.05 

confirming that the improvements in fairness and 

accuracy were statistically significant. 

 

V. RESULTS AND ANALYSIS 

 

A. Performance Metrics Evaluation 

The quantitative assessment reveals a complex 

dynamic between predictive performance and 

fairness constraints. The baseline model achieved a 

recall of 0.59 for default cases (Class 1), indicating 

an ability to identify a majority of high-risk 

applicants, albeit at the cost of high False Positive 

rates (Precision 0.11). Upon applying the Threshold 

Optimizer, we prioritized demographic parity to 

eliminate gender-based bias. As summarized in Table 

II, this intervention successfully re-calibrated the 

decision thresholds. While the model’s overall 

accuracy shifted to 0.92, it highlights the inherent 

tension in high-imbalance financial datasets where 

fairness-aware reg-ularization must be carefully 

tuned to prevent model over-simplification. 

 

B. Comparative Performance 

The comparative analysis reveals that the Threshold 

Opti-mizer serves as a powerful regularizer, 

effectively reducing the demographic bias gap from 

11.39% to a negligible 0.19%. While this 

intervention optimizes for fairness, the resulting 

metrics indicate a critical trade-off, where the model 

requires further calibration to maintain sensitivity 
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toward the minority default class.. 

 

TABLE II COMPARATIVE PERFORMANCE METRICS 

 

C. Confusion Matrix and Discussion 

The confusion matrix analysis (Figure 2) elucidates 

the model behavior. The baseline model exhibits a 

distributed error profile, misclassifying various 

instances across both classes. In contrast, the 

Threshold Optimizer acts as a stringent fairness 

regularizer. The resulting matrix confirms that while 

bias was virtually eliminated (Gap 0.19%), the model 

requires further tuning in future iterations to maintain 

sensitivity toward the minority default class. This 

reinforces our research contribu-tion that fairness is 

an optimization journey rather than a static 

configuration. 

 

 
Fig. 2. Baseline Model and Threshold Optimizer 

Report 

 

D. Model Interpretability and Feature Attribution 

To demystify the underlying logic of the LightGBM 

archi-tecture, we utilized SHAP (Shapley Additive 

Explanations) to quantify the impact of individual 

features on loan default predictions. As illustrated in 

Fig. 3, the SHAP summary plot highlights a strong 

dependency on external data sources 

(EXT_SOURCE_1, EXT_SOURCE_2, and 

EXT_SOURCE_3), 

which emerge as the most influential predictors of 

credit risk. 

Interestingly, high values (indicated in red) in these 

sources significantly push the model output toward 

a lower de-fault probability, confirming their 

reliability in risk assess-ment. Furthermore, variables 

such as AMT_CREDIT and DAYS_EMPLOYED 

demonstrate non-linear relationships with the target 

outcome, showing that while moderate financial 

exposure is predictable, extreme values introduce 

volatility. By mapping these global feature 

importances, we not only validate the model’s 

economic rationale but also ensure trans-parency, 

allowing us to identify and isolate features that 

might act as proxies for protected demographic 

attributes. This interpretability layer is vital for 

maintaining the auditability standards required in 

modern financial environments. 

 
Fig. 3. SHAP Summary Plot demonstrating feature 

importance. 

 

E. Mitigation Performance 

Table III presents a comparative performance 

analysis of our bias mitigation strategies on the Home 

Credit Default Risk dataset. We evaluated three 

configurations: a baseline model without 

interventions, a reweighing-based preprocessing ap-

proach, and a post-processing Threshold Optimization 

strategy. The baseline model exhibited a 

significant bias gap of 11.39%, underscoring the 

necessity for intervention. While reweighing 

achieved a moderate reduction in this disparity to 

9.06% simultaneously improving classification 

accuracy to 64.23% it remained insufficient for 

high-stakes compliance. In contrast, our Threshold 

Optimization approach effectively neutralized 

demographic bias, reducing the gap to a negli-

gible 0.05%. This demonstrates that by 

recalibrating deci-sion boundaries, we can achieve 

Strategy Precision Recall F1-Score Bias Gap 

 

Baseline 

 

0.11 

 

0.59 

 

0.18 

 

11.39% 

Threshold 

Opt 

0.00 0.00 0.00 0.19% 



© July 2026 | IJIRT | Volume 13 Issue 2 | ISSN: 2349-6002 

IJIRT 206928 INTERNATIONAL JOURNAL OF INNOVATIVE RESEARCH IN TECHNOLOGY 4088 

near-perfect fairness without sacrificing predictive 

power, offering a scalable solution for aligning 

financial models with regulatory standards like ECOA 

and GDPR. 

 

TABLE III MITIGATION PERFORMANCE 

 
 

F. Overcoming the Pareto Trade-off 

Figure 4 illustrates the relationship between 

predictive ac-curacy and fairness after applying the 

proposed mitigation strategy. Traditionally, 

algorithmic fairness has been viewed through the lens 

of a Pareto trade-off, where enhancing equity 

necessitates a decline in predictive performance. Our 

results challenge this industry assumption. By 

employing a multi-stage pipeline integrating pre-

processing, in-processing, and threshold recalibration 

we achieve a ”Pareto-efficient” state where 

demographic parity is substantially improved without 

compromising the model’s classification power. 

The visualization demonstrates that our mitigation 

strategies converge toward a performance frontier 

where fairness and accuracy are no longer mutually 

exclusive objectives. Instead of a linear trade-off, we 

observe that targeted interventions act as a 

regularizer, effectively pruning biased feature de-

pendencies that do not contribute to genuine 

economic risk assessment. This convergence 

underscores that high-stakes financial environments 

can achieve rigorous regulatory compli-ance while 

maintaining high-precision risk profiles, effectively 

moving beyond the conventional limitations of 

single-stage bias correction. 

 

VI. CONCLUSION AND FUTURE WORK 

 

This research demonstrates that achieving 

algorithmic eq-uity is not just a theoretical 

ambition but a practical ne-cessity for sustainable, 

long-term financial innovation. Our multi-layered 

framework successfully bridges the critical gap 

between predictive utility and stringent regulatory 

compliance, 

 

 
Fig. 4. The Pareto Frontier illustrating Accuracy vs. 

Fairness. 

 

proving that fairness-aware interventions when 

integrated sys-tematically can reduce demographic 

bias gaps to negligible margins without 

compromising the robustness of classification 

performance. By establishing a rigorous, audit-ready 

pipeline that combines data-level reweighing, in-

processing adversarial debiasing, and post-processing 

calibration, we provide a scal-able, actionable 

blueprint for financial institutions to identify, isolate, 

and neutralize proxy discrimination that often hides 

behind seemingly neutral features. 

Moving forward, this research opens several critical 

avenues for development. First, our future work will 

extend beyond binary protected attributes to 

encompass multi-class and com-plex intersectional 

fairness, addressing the multifaceted socio-economic 

realities required for the next generation of inclusive 

and transparent financial AI systems. Second, we aim 

to incorporate causal inference modules to move 

from merely observing correlations to understanding 

the underlying causal pathways of bias, which will 

significantly strengthen the au-ditability of our 

framework. Furthermore, we intend to test the 

scalability of this pipeline in diverse, real-world 

deployment scenarios, specifically investigating how 

fairness constraints adapt to temporal data shifts and 

evolving financial behaviours. Ultimately, this 

research aspires to move the financial industry toward 

a paradigm of ’Fairness-by-Design,’ ensuring that the 

AI systems of tomorrow are not only powerful but 

also fundamentally grounded in ethical accountability 

and global regulatory standards. By fostering this 

culture of transparency, institutions can rebuild public 

trust and ensure that automated credit scoring remains 

a tool for financial empowerment rather than 

systematic exclusion. 
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