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Abstract
[bookmark: _m95hgwdxe16][bookmark: _a7v7awxox19q]Credit default prediction plays a crucial role in minimising financial risks and making informed lending decisions. The objective is to build and compare machine learning models for predicting credit default in Lending Club loan data. The methodology involves data pre-processing steps such as handling missing data, encoding categorical data, scaling the features, and exploratory data analysis to gain insights into borrower attributes and feature relationships. RandomizedSearchCV is used for optimisation of both models, and performance is evaluated using Accuracy, Precision, Recall, F1-score, ROC-AUC and Confusion Matrix. The results show that Gradient Boosting outperforms Logistic Regression in terms of prediction performance, while both models have a problem of identifying the minority class (default cases) due to class imbalance issues. The interest rate and credit-related variables are most important according to the feature importance analysis. The application of imbalance handling techniques, explainable AI methods and integrating machine learning predictions with the experts' judgment in the financial institutions can be done in future to ensure transparent, fair and reliable credit risk assessment. 

Table of Contents
1. Introduction	5
1.1 Research Background	5
1.2 Problem statement	5
1.3 Aim and Objectives	5
2. Related work	6
2.1 Machine Learning for Credit Risk Assessment	6
2.2 Classification algorithms for Credit Default Prediction	7
2.3 Explainable Artificial Intelligence in Ethical Credit Decision-Making	8
2.4 Research Gap	9
3. Methodology	10
3.1 Dataset overview	10
3.2 Data Preparation Techniques	10
3.3 Suitability of the chosen classifier algorithms	10
3.4 Tuning Process	11
4. Experiments and Results	11
4.1 Data Preprocessing	11
4.2 Exploratory Data Analysis	14
4.3 Baseline Model Creation	16
4.4 Hyperparameter Tuning	18
4.5 Model Comparison and Feature Importance	20
5. Discussion	21
5.1 Comparison with related work	21
5.2 Findings	22
5.3 Ethics	22
6. Conclusion and Recommendations	23
6.1 Conclusion	23
6.2 Recommendations	24
References	25
Appendix	27




[bookmark: _Toc234496200]1. Introduction 
1.1 [bookmark: _avhnu0cp71ya][bookmark: _Toc234496201]Research Background
AI is now being adopted by banks and other financial institutions across all sectors aimed at being part of the overall credit risk evaluation process. The process of credit rating is related to a method that a financial institution employs so they can be better able to grasp whether there is a risk that their borrowers could eventually can make the payments. Even various approaches to the normal credit risk assessment, like Rule Based approach or Statistical approach cannot adequately handle financial data and the huge loads of data in deciding on credit requests. It could do this by incorporating machine learning algorithms that can identify the intrinsic relationship along with designs in the applicant's past financial records. Such predicted models that could potentially be using this data have shown to have higher accuracy and stability in default prediction than the other models. In addition, the EAI offers increased transparency of the models by showing which features affect the models' results.
1.2 [bookmark: _o47qic3slgbw][bookmark: _Toc234496202]Problem statement 
Still credit default remains an unsolved mystery for financial institutions for two reasons that it has in the context of financial risk or its ability to cause severe financial losses and lack of effectiveness in carrying out financial institutions’ operation. A conventional credit scoring model can't perform effectively on big financial data sets as these frequently are made up of information about an individual borrower and this can lower prediction accuracy and consistency. Even with improved accuracy, performance of machine learning models remains unstable, and its lack of interpretability is another concern. It also requires a prediction system that will find out potential good loans and enable financial institutions to responsibly and legally grant loans. Hence, the objective of this study is to play with the potential of various machine learning models in an accurate and reliable way in credit default prediction [1].
[bookmark: _auv05qj32ta7][bookmark: _Toc234496203]1.3 Aim and Objectives 
Aim
The aim of the study is to develop and test machine learning models to predict credit default risk based on structured financial data.
Objectives
· To process the data for analysis, encode categorical variables and scale numerical variables as necessary.
· To illustrate exploratory data analysis (EDA) to find out relationships between features and to recognise possible bias in the data.
· To train the baseline machine learning models on the credit default prediction task.
· To optimise the machine learning models to maximise their prediction accuracy with the support of RandomizedSearchCV.
· To compare and analyse the performance of the models using different performance metrics such as Accuracy, Precision, Recall, F1-Score and ROC-AUC.
· To learn about the importance of the predictive features and model predictions with the EXPLAINABLE AI methods.
[bookmark: _rmgz477ns4eq][bookmark: _Toc234496204]2. Related work 
[bookmark: _qwcfzklv09zl][bookmark: _Toc234496205]2.1 Machine Learning for Credit Risk Assessment
Machine learning is currently used in financial institutions for credit risk assessment to increase the predictive power in analysing huge amounts of borrower data. The "Rule-based Credit Assessment" method is a traditional approach that uses statistical correlations, while machine learning algorithms are taught to identify complex patterns and relationships within structured financial information [2].
[image: ]
Figure 1: Distribution of Borrower Characteristics of the machine learning
(Source: [2])
The other characteristics and distribution of machine learning models are shown in Figure 1. A detailed empirical study is used to assess the feasibility of using several machine learning algorithms in credit risk classification in large-scale lending [2]. The data pre-processing, exploratory data analysis, model development and model performance are evaluated systematically with several machine learning models, including logistic regression, decision tree and naïve Bayes. In a complex credit classification scenario, ensemble learning methods are reported to give better predictive performance than conventional statistical methods. The results indicate that the advanced machine learning techniques have a higher chance of flexibility in handling the various types of borrowers and their financial behaviours.
[bookmark: _q4ivyx8gr6xk][bookmark: _Toc234496206]2.2 Classification algorithms for Credit Default Prediction
Classification algorithms have been implemented in  Credit default prediction because they utilise the credit history data to classify the borrowers into default and non-default classes. Machine learning algorithms can replace the traditional statistical modelling methods in the future, due to their higher accuracy of prediction for complex credit data sets. This makes classification models a part and parcel of the credit risk management process in modern times. Five widely used classification algorithms are used to carry out a comprehensive evaluation [3]. The algorithms are "Logistic LASSO", "Classification and Regression Trees (CART)", "Random Forest", "Extreme Gradient Boosting (XGBoost)" and "Deep Learning models". Their performance is judged against a risk-adjusted environment, which is based on a supervisory model risk framework within three broad categories of statistics, technology and market conduct [3].
[image: ]
Figure 2: Comparison between different classification algorithm purposes
(Source: [3])
Figure 2 indicates that the statistical aspects are the most important in every credit scoring application. The transparency of technology and the requirements for market conduct are seen as important when selecting a credit scoring model and assessing its regulatory standing [3]. Also, stability of the models, transparency of the algorithms, training latency, and interpretability of the models are added to evaluate the risks of practical deployment.
[bookmark: _3dwyo1fdsmsd][bookmark: _Toc234496207]2.3 Explainable Artificial Intelligence in Ethical Credit Decision-Making
A new trend in the credit risk landscape has been the use of Explainable Artificial Intelligence (XAI) to enhance the transparency and accountability of AI-driven credit decisions. While traditional machine-learning models such as logistic regression and naive bayes produce very accurate forecasts, it is challenging to understand the process of predictions. As a result, XAI methods have been integrated to help deliver understandable explanations of the results of predictions and to aid with ethics and regulations in financial institutions.
[image: ]
Figure 3: Explainable Artificial Intelligence Framework for Credit Default Prediction
(Source: [4])
Figure 3 shows that the financial information of customers is classified using AI models to arrive at loan decisions. XAI techniques offer transparent explanations for models by identifying important predictive features [4]. Also, it allows for transparent model validation and facilitates ethical, accountable, and trustworthy credit decisions in modern financial institutions. An explainable AI framework can be developed for credit-risk management to measure the default risks of borrowers in peer-to-peer lending with transparent machine learning predictions. Decision Tree and Random Forest models, having the accuracy of prediction as 0.90 and 0.93, [4]. While the contribution of each financial variable to each of the models' predictions can be identified by SHAP (SHapley Additive exPlanations). 
[bookmark: _p3ftezaxvctn][bookmark: _Toc234496208]2.4 Research Gap
[bookmark: _xfmmzn9r5djo]Ability of machine learning algorithms has been highlighted in the current literature, where the major focus is to make the prediction more accurate. Furthermore, the focus of most credit risk studies has been limited to a few studies with explainable AI or evaluating model performance. So, comprehensive research, optimisation of the models and transparency in making decisions are required to provide an accurate prediction of credit default based on structured financial data.
[bookmark: _8tqorhklho95][bookmark: _Toc234496209]3. Methodology
[bookmark: _83pk77lvnzw4][bookmark: _Toc234496210]3.1 Dataset overview
The current research makes use of the publicly available "Lending Club Loan Dataset" available at Kaggle. It consists of the loan data and borrowers' information. The dataset has both numerical and categorical attributes related to the applicants' financial details, loans, employment, credit history, and loan repayment status. In particular, the loan_status attribute is utilised as a target variable to distinguish defaulting from non-defaulting clients. Initial data exploration allows comprehending the data structure, attribute types, and data quality before modelling. There are both continuous and categorical attributes within the dataset, which require adequate preprocessing to increase the accuracy of machine learning models.
[bookmark: _aoztqbvy79vx][bookmark: _Toc234496211]3.2 Data Preparation Techniques
A structured data preparation process is implemented before the modelling process. First, the dataset is checked for missing values. Features with significant missingness are removed from the dataset. The median value is used for imputing the missing values in other variables. Then categorical attributes are transformed into numerical using the Label Encoding method to allow efficient learning by machine learning algorithms. After encoding, the dataset is split in the proportion of 80/20 into training and test sets using the stratified sampling technique. Due to the sensitivity of logistic regression to feature scaling, all numerical variables are scaled using the StandardScaler.
[bookmark: _b6mrdc9w2hys][bookmark: _Toc234496212]3.3 Suitability of the chosen classifier algorithms
There are two supervised machine learning algorithms applied to predict the probability of credit default: Logistic Regression and Gradient Boosting [5]. Logistic Regression is used as the baseline model because of its simplicity, low complexity, high interpretability, and efficacy. It is a linear classifier that models the relationship between the predictor variables and the binary target that indicates loan repayment. The Gradient Boosting classifier builds several decision trees iteratively to correct the mistakes of previous trees, in contrast to the approach of Logistic Regression.
[bookmark: _wkojh4jhuctl][bookmark: _Toc234496213]3.4 Tuning Process
Tuning of hyperparameters is done with the help of RandomizedSearchCV to boost the model’s performance. RandomizedSearchCV was selected for this purpose because it is similar to Grid Search algorithm, but it partially searches the space of the parameters making it less time consuming. While tuning hyperparameters, five-fold cross-validation is used to prevent from overfitting and obtain more accurate model performance estimates. Logistic Regression's hyperparameters include the regularisation coefficient, solver and max number of iterations. Gradient Boosting classifier has a tuning of 4 hyper-parameters: the number of estimators, learning rate, maximum tree depth and number of samples required to split and subsampling rate [6]. The best hyperparameters’ combinations are selected to train the final models. The models are then evaluated using Accuracy, Precision, Recall, F1-score, ROC-AUC and Confusion Matrix and compared to pick the best model that can predict the credit default.
[bookmark: _a1mxcc87glyx][bookmark: _Toc234496214]4. Experiments and Results 
[bookmark: _ofwk5if3wqix][bookmark: _Toc234496215]4.1 Data Preprocessing
[image: ]
Figure 4: Dataset Overview 
The Lending Club dataset includes 10,000 loan records and 56 attributes that encompass borrower characteristics and status of loan repayment, which can be used to make credit default predictions.
[image: ]
Figure 5: Dataset Structure and Feature Information
The dataset consists of both numerical and categorical variables. There are 56 features, some of which are numerical and some categorical, and some of the values of these attributes are missing [10]. 
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Figure 6: Missing Value Handling 
Data completeness is achieved by the removal of variables that have a high proportion of missing values. 
[image: ]
Figure 7: Target Variable Preparation
The categories of loan repayments are transformed into a binary target variable with the categories of performing loan and non-performing loan, together with the predictor and response variables [11].
[image: ]
Figure 8: Data Splitting, Scaling and Encoding
The dataset is split into an 80:20 training and testing set, then numerical features are standardised, and categorical features are encoded, which can be used with both classifiers.
[image: ]
Figure 9: Applying SMOTE for class imbalance
The above figure shows the process of using SMOTE on the training data for handling class imbalance. 
[bookmark: _ukkorhqd31lw][bookmark: _Toc234496216]4.2 Exploratory Data Analysis
[image: ]
Figure 10: Average Interest Rate by Loan Grade
The average rates for every credit grade range from about 6.8% for those in the top tier to 30.9% for those in the lowest tier [12]. 
[image: ]
Figure 11: Interest Rate Distribution by Loan Term
Loans with 60-month repayment terms exhibit a wider distribution and generally higher interest rates than 36-month loans, reflecting increased lending risk for longer repayment periods.
[image: ]
Figure 12: Correlation Matrix of Financial Variables 
The annual income and total credit limit are moderately correlated (0.52), and the loan amount is also correlated with the annual income (0.32), suggesting that there are relevant financial relationships between these two key variables and annual income.
[bookmark: _64egp9gg7r3r][bookmark: _Toc234496217]4.3 Baseline Model Creation
[image: ]
Figure 13: Baseline Logistic Regression Training
The Logistic Regression model trained with the basic training set then has an accuracy of 98.20% and an ROC-AUC of 0.6255, which serves as a reference for the subsequent hyperparameter optimisation. 
[image: ]
Figure 14: Baseline Gradient Boosting Training
The baseline Gradient Boosting model performs slightly better in terms of the ability to discriminate with an accuracy of 97.85% and an ROC-AUC of 0.6324 than the baseline Logistic Regression model.
[image: ]
Figure 15: Confusion Matrix Comparison of Baseline Models
Logistic Regression makes correct predictions on 1,964 non-default loans, and Gradient Boosting makes correct predictions on 1,957 non-default loans. Both models do not have any default cases, which shows low sensitivity towards the minority class prediction.
[image: ]
Figure 16: ROC Curve Comparison of Baseline Models
The baseline models have similar AUCs of ~0.63, meaning they have similar classification performance and moderate discriminatory power in predicting whether a loan is in default or not.
[bookmark: _kzojo2lp0gu1][bookmark: _Toc234496218]4.4 Hyperparameter Tuning
[image: ]
Figure 17: Hyperparameter Tuning of Logistic Regression
RandomizedSearchCV finds the best parameter combination with L2 regularisation to be C = 0.0207, which results in an accuracy of 98.20% and ROC-AUC of 0.6268 [13].
[image: ]
Figure 18: Hyperparameter Tuning of Gradient Boosting
RandomizedSearchCV with 100 estimators, learning rate 0.05 and max depth 4 gives an accuracy of 98.20% and an ROC-AUC score of 0.6241.
[image: ]
Figure 19: Confusion Matrix Comparison of Tuned Models
Both tuned models make the correct classification for 1,964 nondefault loans, while also misclassifying all 36 default loans, suggesting that hyperparameter optimisation has little effect on minority class prediction.
[image: ]
Figure 20: ROC Curve Comparison of Tuned Models
The ROC curve comparison for the tuned models is shown below. After hyperparameter optimisation, both models, the tuned Logistic Regression and the tuned Gradient Boosting, have an AUC of about 0.62 [14].
[bookmark: _10dpj5r6v39s][bookmark: _Toc234496219]4.5 Model Comparison and Feature Importance
[image: ]
Figure 21: ROC Curve Comparison of Baseline and Tuned Models
The differences between the baseline and tuned models are very marginal, with AUC values around 0.62–0.63, meaning that hyperparameter optimisation does not lead to large performance improvements.
[image: ]
Figure 22: Top 10 Feature Importance from Gradient Boosting
Interest rate (about 0.036) is highlighted as the crucial parameter, where the recent history of credit inquiries and total credit lines are very important for credit default prediction [15].
[bookmark: _he4f2ym8get][bookmark: _Toc234496220]5. Discussion 
[bookmark: _mvdxp4s6rfbb][bookmark: _Toc234496221]5.1 Comparison with related work
The results from this study align with the existing research on credit default prediction using machine learning methods. Logistic Regression is a simple and interpretable baseline model, but it has limited predictive power in the complex relationships in borrower data. The Gradient Boosting model, on the other hand, has slightly better discrimination power due to having better incorporation of non-linear relationships between financial variables. Similar results are highlighted in related work, showing that ensemble learning techniques yield better predictions of credit risk by iterative learning and better generalisation [5]. Also, Ensemble classifiers achieve better prediction accuracy and enable interpretable model explanations [6]. In this research, hyperparameter optimisation has a limited effect on improving the performance of both models, as unable to correctly predict default cases due to the class imbalance issue. Likewise, the difficulties of minority class prediction are also pointed out with the help of some advanced machine learning techniques  [15]. Thus, the results suggest that optimising models is not enough to solve credit default prediction problems. So there is a need for other imbalance handling techniques and explainable artificial intelligence techniques to enhance the reliability of credit default prediction, transparency, and practical financial decision-making.
[bookmark: _xyzgxysm403j][bookmark: _Toc234496222]5.2 Findings
Results of the experimental analysis showed that both machine learning models are capable of providing satisfactory classification of nondefault loan applications with an accuracy of more than 97% [8]. Evaluation metrics show that high accuracy is not a sign of a good predictive system for credit defaults, as the Lending Club dataset has an imbalanced class distribution. Logistic Regression model gives an easy-to-understand basic model that helps to explain the decision and is an excellent baseline. While the Gradient Boosting model can also be used to better predict the behaviour, Hyperparameter optimisation is shown to further boost the performance of the models, but only slight improvements are found, as class imbalance is the main limitation. 
[bookmark: _Toc234496223]The experimental results illustrate that the overall accuracy is not a suitable measure to evaluate the effectiveness of the credit default prediction task. The accuracy values of both baseline and tuned models were around 98%, but neither models were able to correctly identify any of the 36 default cases in the test dataset. This led to a zero default class and all actual default cases were not recalled. Thus, the high accuracy is mostly due to the correct classification of the large majority class, and not to the identification of the credit risk. It is a finding that underscores the significance of considering minority-class performance by recall, precision, F1-score and PR-AUC. 
A false-negative prediction in the problem of credit default prediction is especially important because it could lead to a lender's erroneous classification of a high-risk borrower as low-risk. Thus, it can be concluded that a model with high accuracy does not always have to be effective for credit risk assessment because it is not effective in identifying the cases that are significant to the prediction goal. Imbalance-handling techniques were used to provide a better basis for assessing model performance. Compared to the baseline models, the results with SMOTE, class weighting and/or decision-threshold adjustment should be evaluated to see if default detection improves. The final model should therefore be chosen based on the accuracy of the model as well as an appropriate balance between default recall, precision, F1 score and PR-AUC.
5.3 Ethics
Machine learning for credit default prediction brings up ethical and fairness issues, since the outcomes of the model can affect the possibility of a loan and its terms for an individual. Using past borrower and loan data in the context of the Lending Club data introduces the potential to recreate any biases that may be present in the historical lending practices. A machine learning model can learn these patterns from the training data, and replicate them in its predictions if the training data exhibited these patterns and if there were unequal access to credit or differences in historical lending decisions. 
Likewise, employment and income-related factors might be indicators of broader socioeconomic disparities. Proxy variables can also lead to unfair differences in the credit risk predicted when a model is not based on a protected characteristic, such as race. So care should be taken in introducing such factors into a real lending environment before using the model. There is insufficient evidence in the data set used in this study to be able to conclude that the models developed are discriminatory. 
Clarifying the extent to which protected demographic attributes are not available or used, however, also hinders the ability to conduct detailed fairness testing. A production risk-risk system therefore should be tested across different demographically and/or socio-economically representative groups, if legally and ethically possible, for false positive rates, false negative rates and recall, separately. Consideration might also be given to measures such as equal opportunity, disparate impact analysis..
[bookmark: _3404pg6eqhiy][bookmark: _Toc234496224]6. Conclusion and Recommendations 
[bookmark: _hy3fcim3mew][bookmark: _Toc234496225]6.1 Conclusion
The study aimed to build and test Logistic Regression and Gradient Boosting models on the Lending Club loan data to predict credit default. The data pre-processing, exploratory data analysis, baseline model development, hyperparameter tuning and model evaluation were part of the modelling pipeline. To overcome this, methods of imbalance handling were explored such as SMOTE, class weighting and/or decision-threshold adjustment. In addition to the traditional accuracy and ROC-AUC, minority class precision, recall, F1-score and PR-AUC were used to evaluate the resulting models. These measures offer a better measure of the model's ability to predict borrower default risk. 
Therefore, the final model should be chosen based on its capability of being accurate on default cases with a reasonable precision and overall predictive capability. The explainability analysis also highlights the need for comprehending the drivers behind model predictions. The SHAP analysis gives further understanding of the impact of key financial variables such as interest rate and credit-related features. But there are also ethical issues with the use of machine learning in lending, including issues of historical bias and possible proxy variables and fairness. 
[bookmark: _70w0rbyw8ezh][bookmark: _Toc234496226]6.2 Recommendations
· [bookmark: _7ejg08lnjupm]SMOTE or cost-sensitive learning are requires to be used to handle class imbalance, thereby boosting the accuracy of default loan applications.
· [bookmark: _jix9y5vqvl8q]Comparing and contrasting high-performance ensemble learning techniques such as XGBoost, LightGBM and CatBoost.
· [bookmark: _9xg481hh9r2v]Specific explainable artificial intelligence methods, including SHAP, can be used to enhance model explainability and aid in decision-making.
· [bookmark: _oanjsyuh7mrj]Machine learning predictions in combination with expert judgment are required to be used to make fair and reliable lending decisions.
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nunerical_columns = df.select_dtypes(include=["ints4”, "floatss"]).columns

categorical_columns = of.select_dtypes(include=["object"]).columns

f[numerical_columns] = SimpleInputer (strategy="median"

- it_transforn(df[nunerical_colums])

af[categorical_colums] = SimpleInputer (strategy="most_frequent").fit_transforn(df[categorical_colums])
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v Setting Target Variables

# Setting Up Target Variables
non_performing_statuses = [*charged off', ‘default’, 'late (31-120 days)’, ‘late (16-30 days)', 'in grace period']
GF[is_default'] = Gf['loan_status'].apply(lambda x: 1 if str(x).strip().lower() in non_performing statuses else o)

© # Dropping Features that couse target leakage
leakage_cols = ['loan status’, ‘paid_total’, ‘paid principal’, 'paid interest’, ‘paid_late fees', ‘balance’]
4 _clean = d.drop(colums=[col for col in leakage_cols if col in df.colums])

# Separating target and independent varisbles
¢ _clean.drop(colums=[ 'is_default'])
oF _clean[ ' is_default']

# Splitting numeric and categorical columns
numeric_cols = X.select_dtypes(include=['int64', "floatsd’]).columms. tolist()
categorical_cols = X.select_dtypes(include=["object’, *category’]).columns.tolist()
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v Test-Train Split

© ¢ Train-test spuit
X_train, X test, y_train, y_test = train test_split(
X, v, Test_size=0.2, randon_state=i2, stratif

v Scaling and Encoding

# Inputing and Scaling Numeric Features
nun_imputer = Simplelmputer(strategy="nedian’)
Scaler = Standardscaler()

# Fitting and transforming training numeric features/test numeric features
X_train_nun_imputed = num_imputer. it_transforn(X_train(numeric_cols])
X_test_nun_inputed = num_imputer. transform(X_test nuneric_cols])

X_train_nm_scaled = scaler.fit_transform(X_train_num_inputed)
X_test_num_scaled = scaler.transform(X_test_num_imputed)

# Inputing and One-Hot Encode Categorical Features
cat_imputer = Simplelmputer(strategy="nost_frequent')
encoder = OnetiotEncoder (handle_unknoun="ignore", sparse_output:

alse)

# Fitting and transforn training categorical features/transform test categorical features
X_train_cat_imputed = cat_imputer.£it_transforn(X_train[categorical_cols])
X_test_cat_inputed = cat_imputer.transform(X_test[categorical cols])

X_train_cat_encoded = encoder. Fit_transforn(X_train_cat_imputed)
X_test_cat_encoded = encoder. transform(X_test_cat_inputed)

# Reconbining numeric and categorical matrices
X_train_prep = np.hstack((X_train_num_scaled, X_train_cat_encoded))
X_test_prep = np.hstack((X_test_nun_scaled, X_test_cat_encoded))

# Re-creating feature name list for later interpretation
encoded_feature_names = encoder.get_festure_names_out (categorical_cols).tolist()
211_feature_names = numeric_cols + encoded_feature_names




image10.png
print("Before SMOTE:")
print(y_train.value_counts())

print(“\nclass proportions:")
print(y_train.value_counts(normalize=True))

Before SMOTE:

is_default
2] 7858
1 142

Name: count, dtype: intea

Class proportions:

is_default
2] 0.98225
1 0.01775

Name: proportion, dtype: float6a
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Correlation Matrix of Key Financial & Risk Varlalboloes
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Baseline Training For Logistic Regression

© * Baseline Logistic Regression
print("Training Baseline Logistic Regression”)
1r_baseline - LogisticRegression(max_iter=1000, random_state=42)
1r_baseline. it (X_train_prep, y_train)

# Evaluate baseline Logistic Regression
y_pred_ir_base = 1r_baseline. predict(X_test_prep)
y_prob_ir_base = 1r_baseline.predict_proba(¥_test_prep),

1

print("\n Baseline Logistic Regression®)

print(f"Accuracy: {accuracy_score(y_test, y_pred_lr_base):.4%}")
print(f*Precision: {precision_score(y_test, y_pred_lr_base, zero_division=0):.47}")
print(F'Recall:  {recall score(y_test, y_pred_Ir_base, zero_division=2}
print(f'F1-Score: {1 score(y_test, y pred Ir_base, zero_division=0):.4}")
print(FROC-AUC:  {roc_auc_score(y_test, y_prob_lr_base):.47}")
print("Confusion Matrix:")

print (confusion_ matrix(y_test, y_pred_lr_base))

Training Baseline Logistic Regression

Baseline Logistic Regression
Accuracy: 0.9820

Precision: 0.0000

Recall:  0.0000

Fl-Score: 0.0000

ROC-AUC:  ©.6255

Confusion Matrix:

[rsss o]

[ en
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v Baseline Training For Gradient Boosting

# Baseline Gradient Boosting Classifier
print("\n Training Baseline Gradient Boosting Classifier ")
gb_baseline = GradientBoostingClassifier (randon_state=42)
go_baseline. Fit(X_train_prep, y_train)

# Evaluating baseline Gradgient Soosting
y_pred_gb_base = gb_baseline.predict(X_test_prep)
y_prob_gb_base = gb_baseline.predict_proba(¥_test_prep)(:, 11

print("\n Baseline Gradient Boosting”)

print(f"Accuracy: {accuracy_score(y_test, y_pred_gb_base):.47}")
print(f*Precision: {precision_score(y_test, y_pred_go_base, zero_division=a):.4f}"
print(f'Recall:  {recall score(y_test, y_pred_gb base, zero_division=0):.47}")
print(f"F1-Score: {f1_score(y_test, y_pred_gb_base, zero_division=0): .47}’
print(F'ROC-AUC:  {roc_auc_score(y_test, y_prob_go_base):.47}")
print("Confusion Matrix:")

print (confusion matrix(y_test, y_pred_gb_base))

Training Baseline Gradient Boosting Classifier

Baseline Gradient Boosting
Accuracy: 0.9785
Precision: 0.0000

Recall:  0.0000

Fl-Score: 0.0000

ROC-AUC:  0.6326
Confusion Matrix:

mes7 71

[ el
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Hyperparameter Tuning (RandomizedSearchCV) for Logistic Regression
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~ Hyperparameter Tuning (RandomizedSearchCV) for Gradient Boosting
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ROC Comparison: Baselines vs. Tuned Models
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Top 10 Risk Drivers: Baseline Gradient Boosting (Best Model)
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© ¢ Checking the missing values
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