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ABSTRACT]

Credit risk assessment plays a vital role in ensuring the financial stability and sustainability of
lending institutions. Traditional credit scoring methods, primarily based on statistical models such as
logistic regression, often fail to capture complex, non-linear relationships inherent in borrower data.
This limitation results in reduced predictive performance, especially in dynamic financial
environments. To address these challenges, this paper presents CreditShield Al, an explainable
machine learning-based loan default risk prediction system designed to enhance accuracy,
transparency, and reliability in credit decision-making.The proposed system leverages the Give Me
Some Credit dataset, comprising over 150,000 borrower records with multiple financial and
behavioral attributes. A structured data pipeline is developed, including data preprocessing, missing
value imputation, outlier detection, feature scaling, and exploratory data analysis. Robust statistical
techniques such as median imputation and percentile-based winsorization are applied to ensure data
quality and consistency. Furthermore, the system adopts Robust Scaler normalization to mitigate the
impact of extreme values.A key contribution of this work is the emphasis on explainable Al, ensuring
that model predictions can be interpreted in compliance with financial regulatory standards. The
system is designed to integrate advanced machine learning models and interpretability techniques
such as SHAP and LIME in future stages. The proposed framework not only improves prediction
capability but also promotes fairness, transparency, and responsible AI practices in financial risk
management..
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1. INTRODUCTION

Credit risk management is a fundamental component of modern financial systems, playing a crucial role
in determining the profitability, sustainability, and operational stability of lending institutions such as
banks, non-banking financial companies (NBFCs), and fintech platforms. The ability to accurately
predict whether a borrower is likely to default on a loan obligation directly impacts financial decision-
making, capital allocation, and risk mitigation strategies. Inaccurate risk assessment can lead to severe
financial consequences—either through increased loan defaults due to underestimation of risk or through
missed revenue opportunities and financial exclusion due to overestimation.

Traditionally, credit risk assessment has relied on statistical models such as logistic regression and credit
scorecards, which are based on predefined financial indicators and linear relationships between
variables. These models, including widely used systems like FICO and CIBIL scores, have demonstrated
reliability and interpretability over time. However, they are inherently limited in capturing complex,
non-linear relationships and feature interactions that exist in real-world financial datasets. As financial
ecosystems become more dynamic and data-rich, these limitations hinder the effectiveness of traditional
approaches in accurately modeling borrower behavior.

The rapid advancement of artificial intelligence and machine learning has introduced new opportunities
to enhance credit risk prediction. Machine learning algorithms such as Random Forests, Gradient
Boosting Machines, and Neural Networks have demonstrated superior performance in identifying hidden
patterns and complex relationships within large-scale datasets. These techniques enable more accurate
prediction of loan defaults by leveraging high-dimensional data and adaptive learning mechanisms.

In this context, this paper presents CreditShield Al, an explainable machine learning-based framework
designed to improve loan default risk prediction. The system utilizes the Give Me Some Credit dataset,
which contains real-world borrower financial data, including credit utilization, income, debt ratio,
payment history, and demographic attributes. The proposed system follows a structured data pipeline
approach, including data ingestion, preprocessing, exploratory data analysis, outlier handling, and
feature scaling, ensuring high data quality and consistency before model development.

A significant contribution of CreditShield Al is its focus on explainability and regulatory compliance.
In financial applications, predictive accuracy alone is insufficient; models must also provide transparent
and interpretable explanations for their decisions. Regulatory frameworks such as those enforced by
financial authorities require lenders to justify credit decisions, especially in cases of loan rejection. To
address this, the proposed system is designed to incorporate explainable Al techniques such as SHAP
(SHapley Additive exPlanations) and LIME (Local Interpretable Model-Agnostic Explanations),
enabling feature-level interpretation of predictions.

Furthermore, the system emphasizes responsible Al practices by avoiding the use of sensitive or biased
features that could lead to discriminatory outcomes. By focusing on fairness, transparency, and ethical
Al design, CreditShield Al aims to support inclusive financial decision-making while maintaining high
predictive performance.

The remainder of this paper is organized as follows: Section 2 presents the literature survey and
discusses existing credit risk prediction methods; Section 3 describes the proposed system architecture
and methodology; Section 4 presents implementation details and module descriptions; Section 5
discusses system requirements and testing; Section 6 concludes with key findings and future
enhancements.

2. LITERATURE SURVEY

The field of credit risk prediction has evolved significantly over the past few decades, transitioning from
traditional statistical approaches to advanced machine learning-based methodologies. Early credit
scoring systems primarily relied on linear statistical models such as Logistic Regression, which provided
a probabilistic framework for estimating the likelihood of borrower default. These models gained
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widespread acceptance due to their simplicity, interpretability, and compliance with regulatory
requirements. Studies such as Thomas et al. (2002) demonstrated the effectiveness of logistic regression
in developing scorecards for consumer credit risk assessment.

However, traditional statistical models exhibit inherent limitations, particularly in capturing complex,
non-linear relationships and interactions among features. To address these limitations, researchers
explored alternative approaches such as Decision Trees and Support Vector Machines (SVM). Decision
tree-based models offer rule-based interpretability and can model non-linear patterns, while SVMs
provide robust classification capabilities in high-dimensional spaces. According to Baesens et al. (2003),
these models showed improved predictive performance compared to traditional scorecards in certain
credit datasets.

With the advancement of computational capabilities and the availability of large datasets, ensemble
learning methods have gained significant attention in credit risk modeling. Techniques such as Random
Forest and Gradient Boosting Machines (GBM), including XGBoost and LightGBM, have demonstrated
superior performance due to their ability to combine multiple weak learners and capture complex feature
interactions. Research by Lessmann et al. (2015) highlighted that ensemble models consistently
outperform traditional statistical methods in benchmark credit scoring datasets, achieving higher
accuracy and Area Under Curve (AUC) values.

In recent years, deep learning approaches have been explored for credit risk prediction. Neural networks,
particularly deep feedforward networks, have the capability to learn hierarchical feature representations
from raw financial data. Although deep learning models can achieve high predictive accuracy, their
adoption in financial systems is limited due to their “black-box” nature and lack of interpretability. As
noted by Khandani et al. (2010), while neural networks can uncover complex patterns, their lack of
transparency poses challenges for regulatory compliance.

The growing importance of transparency in automated decision-making systems has led to increased
research in Explainable Artificial Intelligence (XAI). Techniques such as LIME (Local Interpretable
Model-Agnostic Explanations) and SHAP (SHapley Additive exPlanations) have been developed to
provide interpretable insights into model predictions. Ribeiro et al. (2016) introduced LIME as a method
to approximate complex models locally using interpretable models, while Lundberg and Lee (2017)
proposed SHAP as a unified framework based on game theory for feature importance analysis. These
methods are particularly relevant in credit risk prediction, where regulatory frameworks require lenders
to justify their decisions.

Another critical challenge in credit risk modeling is class imbalance, where the number of non-default
cases significantly outweighs default cases. This imbalance can bias machine learning models toward the
majority class, reducing their ability to detect high-risk borrowers. Techniques such as Synthetic
Minority Oversampling Technique (SMOTE), undersampling, and cost-sensitive learning have been
widely adopted to address this issue. Chawla et al. (2002) demonstrated that SMOTE improves
classification performance by generating synthetic samples for the minority class.

Furthermore, data quality issues such as missing values, outliers, and inconsistent records significantly
impact model performance. Research has emphasized the importance of robust preprocessing techniques,
including median imputation, normalization, and outlier handling, to ensure reliable model training. Han
et al. (2011) highlighted that effective data preprocessing is a critical step in knowledge discovery and
predictive modeling.

Despite the advancements in machine learning, there remains a trade-off between predictive accuracy
and interpretability. While complex models provide better performance, they often lack transparency,
making them unsuitable for regulated financial environments. Therefore, modern credit risk systems aim
to strike a balance by combining high-performing models with explainability techniques.

The proposed CreditShield Al framework builds upon these research advancements by integrating a
structured data preprocessing pipeline with a strong emphasis on explainability and responsible Al
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practices. Unlike traditional systems, it incorporates robust data handling techniques and is designed to
support future integration of advanced machine learning models along with explainable AI methods,
ensuring both accuracy and transparency in credit risk prediction.

3. SYSTEM ARCHITECTURE
3.1 Architecture Diagram
The architecture of CreditShield Al is designed as a modular and scalable data processing pipeline that
systematically transforms raw borrower data into a structured and analysis-ready format for predictive
modeling. The system follows a sequential pipeline approach, ensuring data consistency, reproducibility,
and ease of maintenance.
The architecture is composed of five major layers, each responsible for a specific stage in the data
transformation process:
1) Data Ingestion Layer
The first layer is responsible for loading the raw dataset into the system. The Give Me Some Credit
dataset is imported from a CSV file and converted into a structured data format using a DataFrame.
Initial validation checks are performed to ensure data integrity, including verification of column names
and dataset dimensions. This layer acts as the entry point of the pipeline.
2) Data Preprocessing Layer
The preprocessing layer handles all data cleaning operations necessary to prepare the dataset for
analysis. This includes:
e Handling missing values using median imputation
e Correcting invalid entries such as age values equal to zero
e Removing duplicate records
e Renaming columns for better readability
This stage ensures that the dataset is clean, consistent, and free from anomalies that could negatively
impact model performance.
3) Exploratory Data Analysis (EDA) Layer
The EDA layer performs statistical and visual analysis to understand the structure and characteristics of
the dataset. It generates multiple visualizations such as:
e Target class distribution
e Feature distributions
e Correlation heatmaps
e Feature comparison across classes
This layer helps identify key patterns, feature relationships, and potential risk indicators, forming the
foundation for subsequent modeling decisions.
4) Outlier Handling Layer
In real-world financial datasets, extreme values and anomalies are common. This layer detects and treats
outliers using:
e Interquartile Range (IQR) method
e Sentinel value correction (e.g., replacing invalid codes like 96, 98)
e Winsorization (capping extreme values at the 99th percentile)
This improves data stability and prevents skewed model behavior caused by extreme values.
5) Feature Scaling and Normalization Layer
The final preprocessing stage applies feature scaling to normalize all input variables to a common scale.
The Robust Scaler technique is used, which is based on the median and interquartile range, making it
resistant to outliers. The scaled dataset ensures that all features contribute equally during model training.
6) Pipeline Characteristics
The CreditShield Al architecture offers several important advantages:
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Modularity: Each stage operates independently, allowing easy updates and maintenance
Reproducibility: Intermediate outputs are saved, ensuring consistent results
Scalability: The pipeline can be extended to include model training and deployment
Transparency: Each transformation step is clearly defined and documented

System Architecture of CreditShield Al
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Figure 1: System Architecture of CreditShield Al
3.2 System Flow Diagram
The system flow of CreditShield Al represents the operational sequence through which raw borrower
records are transformed into a structured, normalized, and model-ready dataset for loan default
prediction. Unlike the architecture diagram, which shows the major components of the system, the flow
diagram emphasizes the order of execution and the movement of data from one processing stage to the
next.
The process begins with the input of the raw dataset, obtained from the Give Me Some Credit
benchmark credit risk data source. This dataset contains borrower-related attributes such as age, monthly
income, debt ratio, revolving utilization, open credit lines, real estate loans, late payment history, and
number of dependents. Since raw financial data often contains inconsistencies and incomplete entries, it
cannot be used directly for predictive modeling.
The second step is data preprocessing, where the input data is cleaned and standardized. In this stage,
missing values in important attributes such as monthly income and dependents are identified and filled
using median imputation. Invalid values, including age entries equal to zero, are corrected using
statistically appropriate replacements. Duplicate records are also removed to improve the integrity of the
dataset. Additionally, verbose column names are renamed into concise and readable forms for easier
downstream processing.
After preprocessing, the cleaned data is passed to the exploratory data analysis stage. Here, the system
performs both statistical and graphical analysis to understand feature distributions, detect skewness,
identify class imbalance, and evaluate inter-feature relationships. This stage plays a critical role in
discovering the major risk indicators associated with loan default and in guiding the next processing
steps. Visual outputs such as histograms, boxplots, correlation heatmaps, and class distribution charts are
generated during this phase.
The next stage is outlier detection and treatment. Real-world financial datasets often contain extreme
values or erroneous coded entries. In CreditShield Al, such anomalies are identified using statistical
techniques such as the Interquartile Range (IQR) method and domain-driven rules. Sentinel values such
as 96 and 98 found in delinquency-related attributes are treated as abnormal codes and replaced using
capped limits. Similarly, continuous variables with extreme upper-end values are treated using
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winsorization at the 99th percentile, thereby limiting the impact of outliers without discarding entire
records.

Once the outlier treatment is completed, the processed dataset enters the feature scaling and
normalization stage. Since the attributes in the dataset exist in different numeric ranges, normalization
is required before model training. The system applies Robust Scaler, which is particularly suitable for
skewed financial data because it uses the median and interquartile range instead of the mean and
standard deviation. This makes the scaling process resistant to residual outliers and ensures better input
quality for machine learning algorithms.

Finally, the output of the flow is a scaled and model-ready dataset, which can be used for future
machine learning stages such as classification, default probability prediction, explainability analysis, and
deployment in a real-time credit decision support system. Thus, the system flow ensures that every
borrower record passes through a disciplined, reproducible, and analytically justified sequence of steps
before predictive intelligence is applied.

System Flow Diagram of CreditShield Al
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Figure 2: System Flow Diagram of CreditShield Al

FlowSequence:
Raw Dataset — Data Cleaning — Missing Value Handling — Duplicate Removal — Exploratory Data
Analysis — Outlier Detection — Outlier Treatment — Feature Scaling — Model-Ready Dataset

3.3 UML Diagrams

3.3.1 Use Case Diagram

The Use Case Diagram of CreditShield Al illustrates the interaction between the major actors and the
functional capabilities of the system. The primary actors in the proposed system are the Data Scientist,
Credit Analyst, and System Administrator.

The Data Scientist is responsible for managing the technical development of the system. This actor
performs tasks such as loading the raw dataset, executing preprocessing scripts, running exploratory data
analysis, treating outliers, applying scaling techniques; training machine learning models in future
stages, and evaluating predictive performance. The Data Scientist also analyzes the generated figures and
validates the data transformation pipeline.
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The Credit Analyst represents the domain user who would ultimately benefit from the predictive outputs
of the system. This actor is interested in viewing borrower risk scores, interpreting default probability

categories, examining key risk-driving features, and using future explainability modules to understand
the basis of credit decisions. In an advanced implementation, the Credit Analyst may also use what-if

analysis tools to observe how changes in borrower attributes affect risk predictions.

The System Administrator is responsible for maintaining the technical environment in which the system
operates. This includes handling file storage, managing pipeline execution, maintaining processed data
artifacts, and ensuring that the system remains reproducible, organized, and ready for deployment.

The main use cases associated with these actors include:

Load Raw Dataset

Preprocess Borrower Data

Perform Exploratory Data Analysis
Detect and Treat Outliers

Normalize Features

Generate Processed Output Files

Train Prediction Model

View Risk Prediction

Interpret Model Output

Manage System Execution and Artifacts

The Use Case Diagram therefore presents the system as a collaborative framework where technical

processing, analytical interpretation, and operational maintenance are clearly distributed among different

actors.

Use Case Diagram of CreditShield Al
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Fig. 3: Use Case Diagram of CreditShield Al
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3.3.2 Class Diagram

The Class Diagram of CreditShield Al represents the structural organization of the software
components involved in the system. Since the project is implemented as a modular data pipeline, each
processing stage can be conceptually represented as a class with its own methods and responsibilities.
The DataPreprocessor class is responsible for reading the raw dataset, renaming columns, handling
missing values, correcting invalid values, removing duplicates, and saving the cleaned dataset. Its
primary methods include loadData(), renameColumns(), imputeMissingValues(), correctInvalidValues(),
removeDuplicates(), and saveCleanedData().

The ExploratoryAnalyzer class handles the analytical and visualization functions of the system. It is
responsible for generating feature distributions, target class plots, boxplots, age-based risk visualizations,
and correlation heatmaps. Its methods include generateHistograms(), plotTargetDistribution(),
plotCorrelationHeatmap(), plotBoxplots(), and saveFigures().

The QOutlierHandler class is designed to detect abnormal values in borrower features and apply
appropriate treatment strategies. Its methods include detectOutliers(), identifySentinelValues(),
applyWinsorization(), and saveTreatedData().

The FeatureScaler class is responsible for evaluating and applying scaling methods to normalize the
numerical features of the dataset. It includes methods such as compareScalers(), fitRobustScaler(),
transformFeatures(), and saveScalerArtifact().

The PipelineOrchestrator class acts as the coordinator of the complete workflow. It manages the
execution order of all other classes and ensures proper data transfer between them.

The relationships among these classes are sequential and dependency-based. The output of the
DataPreprocessor becomes the input of the ExploratoryAnalyzer and OutlierHandler, while the treated
output is then passed to the FeatureScaler. This modular design improves maintainability, testing, and
future extensibility of the system.

Class Diagram of CreditShield Al
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Figure 4: Class Diagram of CreditShield Al

3.3.3 Sequence Diagram

The Sequence Diagram of CreditShield Al describes the chronological interaction between the user, the
processing scripts, and the generated data outputs. It highlights how the system executes each module in
a logical order to transform raw input into model-ready data.
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The sequence begins when the Data Scientist initiates execution of the preprocessing module. The
preprocessing script reads the raw CSV dataset, performs cleaning operations, and writes the cleaned
dataset to the output directory. Next, the Data Scientist triggers the exploratory data analysis module,
which reads the cleaned file, performs visualization tasks, and stores the generated figures in the figures
directory.

After the EDA stage, the outlier handling module is executed. It reads the cleaned dataset, identifies
anomalies, applies capping and winsorization techniques, and saves the treated dataset as a separate
output file. Then, the feature scaling module is invoked. This module reads the treated dataset, compares
available scaling approaches, applies Robust Scaler, and saves both the scaled dataset and the fitted
scaler object for future inference consistency.

Thus, the interaction sequence can be summarized as follows:

User/Data Scientist — Preprocessing Module — Cleaned Dataset — EDA Module — Visualization
Outputs — Outlier Handling Module — Treated Dataset — Scaling Module — Scaled Dataset + Scaler
Artifact

This sequence demonstrates the disciplined execution flow of the proposed system and highlights the
file-based dependencies between each stage. It also reflects the reproducibility of the system, since all
intermediate outputs are saved and can be independently verified.

Sequence Diagram of CreditShield Al
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Figure 5: Sequence Diagram of CreditShield Al
4. RESULTS AND DISCUSSION
The Results and Discussion section presents the analytical outcomes derived from the CreditShield Al
pipeline and interpret the significance of each transformation stage. Since the current implementation
focuses on data preprocessing, exploratory analysis, and feature engineering, the results emphasize data
quality improvement, statistical insights, and feature behavior patterns that are critical for accurate loan
default prediction.
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4.1 Dataset Overview and Class Distribution
The CreditShield Al system utilizes the Give Me Some Credit dataset, which contains approximately
150,000 borrower records with ten predictive features and one target variable indicating loan default.
One of the most important observations from the dataset is the class imbalance:
e Non-Defaulters (Class 0): ~93.3%
e Defaulters (Class 1): ~6.7%
This results in an imbalance ratio of approximately 14:1, which is a significant challenge in classification
tasks. Such imbalance can lead to biased models that favor the majority class, thereby failing to correctly
identify high-risk borrowers. This finding highlights the necessity for advanced techniques such as
SMOTE, class weighting, or threshold tuning in future model development stages.
4.2 Data Preprocessing Results
The preprocessing stage significantly improved the dataset quality by addressing missing values, invalid
entries, and duplicate records.
Key Outcomes:
e Missing values in Monthlylncome (~19.8%) and Dependents (~2.6%) were successfully handled
using median imputation, preserving distribution characteristics.
e Invalid values such as Age = 0 were corrected using median replacement.
e Duplicate records were removed, ensuring data integrity.
These preprocessing steps ensured that the dataset became clean, consistent, and suitable for further
analysis, thereby reducing noise and improving reliability.
4.3 Exploratory Data Analysis Insights
The exploratory data analysis (EDA) stage provided critical insights into feature behavior and their
relationship with loan default risk.
Key Observations:
1. Feature Distribution
Most financial variables such as Monthlylncome, DebtRatio, and RevolvingUtilization exhibit right-
skewed distributions, indicating that a majority of borrowers fall within lower ranges while a few have
extremely high values.
2. Correlation Analysis
e Strong positive correlation observed among:
o Times30 59Late
o Times60 89Late
o Times90Late
e These features are also positively correlated with default risk.
This indicates that past payment behavior is a strong predictor of future default, which aligns with
financial domain knowledge.
3. Default Risk Patterns
e Higher Revolving Utilization — Higher Default Probability
e Higher Debt Ratio — Increased Financial Stress
e Lower Monthly Income — Higher Risk
4. Age-Based Risk Trend
An inverted-U relationship is observed:
e Moderate-aged borrowers (30—50 years) show higher default rates
e Younger and older borrowers show relatively lower risk
4.4 Outlier Handling Results
Outlier detection and treatment significantly improved the statistical stability of the dataset.
Key Findings:
e Sentinel values (96, 98) in late payment features were corrected
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e Extreme values in:

RevolvingUtilization

DebtRatio

MonthlyIncome

OpenCreditLines

RealEstateLines

were treated using 99th percentile winsorization

O O O O

Impact:
e Reduced skewness and variance
e Prevented extreme values from dominating model learning
e Improved robustness of subsequent scaling operations
4.5 Feature Scaling Results
Feature scaling was performed using Robust Scaler, which is highly effective for skewed and outlier-
prone datasets.
Why Robust Scaler?
e Uses median and IQR (Interquartile Range)
e Less sensitive to extreme values compared to:
o StandardScaler
o MinMaxScaler
Outcome:
e All features transformed into a consistent numerical range
e Improved suitability for machine learning algorithms
e Ensured fair contribution of all features during training
4.6 Overall System Performance (Pre-Model Stage)
Although the current implementation does not include model training, the system achieves strong
performance in data preparation and analytical readiness.
Achievements:
e High-quality cleaned dataset
e Strong feature understanding through EDA
e Reduced noise and anomalies
e Scaled and normalized dataset ready for ML models
7) Readiness for Next Stage:
The processed dataset is now fully prepared for:
e C(Classification models (Random Forest, XGBoost, etc.)
e Imbalance handling techniques (SMOTE)
e Explainability frameworks (SHAP, LIME)
4.7 Discussion
The results demonstrate that data preprocessing and feature engineering play a critical role in the success
of credit risk prediction systems. Even before applying machine learning models, significant
improvements in data quality and feature clarity can be achieved through systematic analysis.
The findings reinforce key financial insights:
e Credit behavior history is the strongest risk indicator
e Financial stress metrics directly impact default probability
e Data imbalance must be handled carefully
Moreover, the structured pipeline approach adopted in CreditShield Al ensures:
e Reproducibility
e Transparency
e Scalability
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This makes the system suitable for future extension into a fully deployable, explainable Al-based credit
scoring solution.

S. CONCLUSION

The increasing complexity of financial systems and the growing demand for accurate credit risk
assessment have made traditional statistical approaches insufficient for modern lending environments.
This paper presented CreditShield Al, an explainable machine learning-based framework designed to
enhance loan default risk prediction through a structured and reliable data processing pipeline.

The proposed system successfully addresses critical challenges associated with real-world credit
datasets, including missing values, data inconsistencies, extreme outliers, and feature scaling issues. By
implementing a comprehensive preprocessing pipeline consisting of data cleaning, exploratory data
analysis, outlier handling, and robust normalization, the system ensures that the input data is transformed
into a high-quality, model-ready format. The use of median imputation, winsorization, and Robust
Scaler normalization significantly improves the statistical stability and reliability of the dataset.

A key strength of CreditShield Al lies in its emphasis on explainability and responsible Al practices.
Unlike conventional black-box models, the proposed framework is designed to support integration with
explainable Al techniques such as SHAP and LIME, enabling transparent and interpretable decision-
making. This is particularly important in financial applications, where regulatory compliance and
fairness are essential.

The analytical results obtained from the exploratory data analysis highlight important insights into
borrower behavior, such as the strong influence of past payment history, credit utilization, and income
levels on default risk. Additionally, the identification of class imbalance in the dataset emphasizes the
need for specialized techniques in future model training stages.

Although the current implementation focuses primarily on the data preparation phase, it lays a solid
foundation for the development of a complete predictive system. Future work will include the integration
of advanced machine learning models such as Random Forest, XGBoost, and Neural Networks, along
with techniques for handling class imbalance and improving predictive performance. Furthermore, the
development of a user-friendly interface and real-time prediction system will enhance the practical
applicability of CreditShield Al in financial institutions.

In conclusion, CreditShield Al demonstrates that a well-structured data pipeline combined with
explainability-driven design can significantly improve the effectiveness, transparency, and reliability of
credit risk prediction systems. The proposed framework provides a scalable and extensible solution that
can be adapted to real-world financial applications, contributing to more informed, fair, and data-driven
lending decisions.
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