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Abstract
Most of the financial institutions we’re focused on using a reliable method two fish they can easily estimate the risk regarding loan default before they can approve any application. Through this research, the Lending Club loan data set will be analysed for building as well as comparing two different machine learning models. The data will be prepared while properly cleaning, feature selection, as well as transformation before further model training could begin. Different kind of evaluation matrices are being used here for comparing model performances. The result obtained shows that the tuned XGBoost model has been providing with a more reliable prediction outcome, whereas the logistic regression model would stay consistent and will be used for understanding and interpreting during the lending decisions.
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[bookmark: _Toc235732209]1. Introduction and Problem Statement 
[bookmark: _Toc235732210]1.1 Background to Credit Risk Assessment 
Credit risk assessment is considered an important process which was conducted across various banks and lending organizations before they approve any significant loan amount. The main objective here has been to decide whether the individual borrower is more likely to repay the loan or would fail in the future while making the repayment [10]. Wrong lending decisions can significantly cause immense financial loss while increasing the total number of default cases. Considering past research, these kinds of decisions were mostly dependent on human judgment, their fixed lending rules, as well as basic statistical methods applied. However, these kinds of traditional approaches often find it much more difficult to properly analyse extensive financial datasets. Considering today, the use of artificial intelligence and machine learning models has been crucial and helpful for financial institutions into making better lending decisions as these methods it analyses and research all the past long records and help in finding out hidden patterns [7]. These often help in improving prediction accuracy while reducing any manual work for supporting a faster and more consistent credit risk assessment within an organization. 
[bookmark: _Toc235732211]1.2 Literature Review 
Most of the recent research has highlighted how the use of a machine learning model has been crucial for improving credit risk assessment within a money lending organization, as it significantly analyses an extensive amount of financial data and helps in recognizing any complex borrowing pattern. As per the research conducted by [1], the authors here have significantly compared various machine learning models using the Lending Club data set and have found that using an ensemble learning method is crucial for achieving better prediction performance than using any individual model. Considerably, authors such as [3] also reported that using gradient boosting and the XGBoost model were crucial for producing stronger prediction outcomes after applying certain feature engineering and hyperparameter tuning.
As compared to these research authors [2] have also demonstrated that using hyperparameter optimization can help in further improving models' predicting accuracy while reducing their computational costs. Their research even explains how employing future importance analysis and SHAP food improve model transparency. Although using an ensemble model is beneficial for achieving much higher predictive accuracy, authors [5] have argued that using logistic regression is still an option, as it helps in easily interpreting and explaining the financial decision for an organization. Most of the earlier research performed author [4] has shown that combining different kinds of machine learning models would improve loan default prediction when compared to using individual models. Hence, very less attention has been given to combining different productive performances, and hence this research will focus on comparing logistic regression and XGBoost while examining their future importance, model interpretation, as well as fairness for supporting a responsible AI-based credit risk assessment.
[bookmark: _Toc235732212]1.3 Problem Statement 
The Lending Club data set, which has been used for this research, seemingly contains millions of loan records regarding borrowers and repayment data. However, some of the data present in the dataset seems to be missing, with extreme class imbalance and complex financial variables, hence, using this dataset for model training without proper preprocessing would not be considered an effective choice [9]. This research will focus on investigating whether using logistic regression, as well as an exhibition model, can help in accurately predicting loan default while maintaining a proper interpretation and fairness among the data, which can be crucial for financial institutions in making more reliable and responsible money lending decisions.
[bookmark: _Toc235732213]1.4 Research Aim and Objectives 
The main aim of this research has been to successfully develop and evaluate a machine learning model that could be utilized for predicting loan default data using the Lending Club data set. The research will focus on preparing the entire data set while developing the Logistic Regression and XGBoost models for improving their performance using model tuning and comparing each of the prediction results based on various evaluation matrices. This entire performance will be conducted to identify important risk factors while examining fairness among each of the models so as to make a proper recommendation on which of these models could be utilized during credit risk assessment within a credit lending organization.
[bookmark: _Toc235732214]2. Methodology 
[bookmark: _Toc235732215]2.1 Dataset Description
The research has been using the Lending Club loan data, which was gathered from Kaggle: https://www.kaggle.com/datasets/adarshsng/lending-club-loan-data-csv?select=loan.csv
After successfully importing the lending data set into the Python workspace, it was found that it initially has been containing nearly 10000 borrower record, which were distributed across 56 variables.
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Considering the data set used here, various useful borrower and loan-related data field were included here which could be used for providing important financial data, which can further be used for training the machine learning model. 
[bookmark: _Toc235732216]2.2 Data Preparation
All the loan status values have initially been converted into two different classes, which will represent default and non-default borrowers, as performed in the image below:
[image: ]
After all of the target variables were prepared, only the loan related record data are divided into two different prediction classes, while the remaining records were excluded from any further analysis. After this, the filtered data set has been containing only about 558 observations weight 19.89% default rate. This kind of uneven distribution of data clearly indicates that the data set used here has extreme imbalance data within it [12]. Hence, the final performance of any model prediction can never be judged based on its accuracy, as it will require to use additional evaluation measures for providing more dependable assessment of the model’s performance.
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After all the target variables were prepared properly, only the meaningful borrowers, loans, as well as credit history features were selected for performing further analysis. The working data set now seems to contain only 558 variables, across 46 columns which also includes all the target columns [4]. Hence, selecting only the relevant feature has been crucial for removing any unnecessary data, which even helped in reducing further computational complexity while making sure that the machine learning model can possibly learn from the variables that were directly linked to a credit risk prediction. 
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During further inspection, it was found that the data set has been missing values across each of the identified variables identified. Hence, identifying all these missing values was extremely crucial as using incomplete data can considerably reduce the prediction accuracy, while it can also affect the final machine learning model’s interoperability.
[image: ]
The final preparation step seems to be focused on cleaning only the selected important variables while converting them into suitable numerical formats. For such a process, data present across columns such as loan term, employment length, interest rate, as well as revolving utilization are successfully transformed into numeric values while removing any kind of text symbols from it [8]. These kinds of standardization have been crucial for ensuring that both the models that will be developed can easily process the financial information during model training. 
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After successfully cleaning the dataset, a total of six categorical variables were found to have been converted into numerical values using a label encoder, which is an effective approach for training machine learning models in future based on the dataset’s content [10]. Followed by that, all the missing values across the 46 numerical variables were replaced using their median values. After this, there were no missing values remaining, thus specifying that the dataset is ready to be passed through the next modelling stage. 
[bookmark: _Toc235732217]2.3 Outlier Treatment
Before developing the machine learning model, all the crucial numerical values were to be checked for any outliers. Outlier analysis has been crucial as the presence of extreme and unusual values prominently affect modern learning and can reduce production reliability [8]. 
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The respective box plots shown above highlight the presence of extreme outlier values across various variables such as annual income, revolving balance, debt-to-income ratio, and instalment amount. 
[bookmark: _Toc235732218]2.4 Feature Engineering
The presence of unusually high observations can effectively influence the model’s performance; hence, prominent outlier treatment is necessary for reducing their impact on model performance while preserving useful borrower data for further analysis [11]. For this purpose, the Winsorisation method has been used for capping out unnecessary outliers across these selected variables, as shown below:
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This method has been used for capping out extreme outlet values between the 1st and the 99th percentile instead of just removing the entire record from the selected variables.
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The respective box plots shown above highlight the updated outcome, which is obtained due to the successfully reduced outliers, while the overall distribution of data is consistent [6]. This approach is crucial for preserving the complete data set while creating much more stable numerical features for supporting model training.
[bookmark: _Toc235732219]3. Experiments and Results
[bookmark: _Toc235732220]3.1 Train-Test Split and Scaling
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The data for training and testing purposes of the different models has been split into an 80:20 ratio. Where 80% of the data has been kept for training purposes, and 20% of the data has been kept for testing purposes. This training and testing split has been made on the basis of a train default rate of 19.96%.
[bookmark: _Toc235732221]3.2 Exploratory Data Analysis
Before building the prediction models, exploratory data analysis has been conducted that will help in the process of understanding data set and identify important relationships which exist between borrower details and loan default [13]. The classification distribution has highlighted that the data set was highly imbalanced, with non-default loans making up 87.21% of the records, while default loans represented only 12.79%. This imbalance highlights that the model should be checked by using recall, F1 score, and ROCA instead of having its dependency only on accuracy. 
[image: No description has been provided for this image]
The analysis of loan grades has highlighted that borrowers with lower credit grades had much higher default rates than those who come with better credit grades. This results clearly shows that loan grade is also a very important factor in the process of predicting whether a borrower is likely to repay a loan which need to be considered in the process of model training.

The analysis has also checked borrower information, including their home ownership, yearly income, loan amount, and debt-to-income ratio. Where borrowers which are having lower yearly income and higher debt levels are expected to have a greater chance of defaulting on their loans [16]. The correlation heatmap also highlights that variables such as interest rate, loan grade, subgrade, debit related factors have a very strong relation with the target variable than most of the demographic characteristics.
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The results which have come out from the EDA were highly useful because they provide support for the choice of important predictor variables and clearly highlighted that financial factors are capable of providing strong prediction value than demographic information [14].
[bookmark: _Toc235732222]3.3 Baseline Logistic Regression
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Logistic regression has been selected as the baseline linear classification model because it is capable of providing a clear relationship between the predictor variables and the probability of loan default. After it is being trained by using the processed dataset, the model has been able to achieve an accuracy of 0.53, a precision score of 0.84, a recall of 0.51, an F1 score of 0.63, and an ROC-AUC of 0.5141. The confusion matrix that has come out has also highlighted that the model is being able to correctly find a large number of default cases, but it is also creating a fairly high number of false positive predictions.
Even though the complete accuracy which has been attained by the model is kind of medium, the fairly high Recall highlights that the model is very much focused or identifying borrowers who were likely to default [18]. This is an important aspect which is being preferred within credit risk assessment because if organizations fail to find a default case, then it can result in higher financial losses for them.
[bookmark: _Toc235732223]3.4 Tuned Logistic Regression
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To get better prediction results, logistic regression has been improved by using GridSearchCV with five-fold cross-validation. In this, different values of the regularization parameter (C) and both L1 and L2 penalty methods have been utilized and tested by using ROC-AUC as the main performance metric. The best setting has been found at C=0.1 with L2 regularization, which has been able to achieve a cross-validation ROC-AUC score of 0.5202.
Even though, through the tuning process, it has contributed to making some improvement when it is being compared with the scores which are being achieved by the baseline model [15], but the experiment clearly highlights that the optimization made the model parameters more stable without showing any kind of clear signs of overfitting.
[bookmark: _Toc235732224]3.5 Baseline XGBoost
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The second morning experiment has made use of XGBoost because the gradient boosting method can able to learn complex nonlinear patterns that exist between borrower characteristics. Where the baseline model was trained with 250 estimators, a maximum depth of 4, a learning rate of 0.08, and an automatically generated scale_pos_weight of about 4.011 that helps to address the class imbalance problem. As a result, the baseline XGBoost model has been able to achieve an accuracy of 0.79, precision of 0.83, Recall of 0.92, F1 score of 0.87, and ROC-AUC of 0.6369. This allows it to provide better results than logistic regression across all the main evaluation measures that are being applied.
The higher Recall and ROC-AUC score clearly highlight that XGBoost has been able to better learn more complex relationships that exist between financial variables, which allows it to clearly differentiate between borrowers who defaulted and those who have been able to repay their loans [17].
[bookmark: _Toc235732225]3.6 Tuned XGBoost
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To further enhance prediction performance, the XGBoost model was improved by making use of RandomizedSearchCV, which allows it to effectively test different types of combinations for learning rate, tree depth, number of estimators, subsampling ratio, column sampling, and regularization parameters. The tuned model has been able to get the best result within Accuracy of 0.79, Precision of 0.81, Recall of 0.96, F1 score of 0.88, and ROC-AUC of 0.6217.
Although the improvements are very little when it is being compared to the baseline model, the higher ROC-AUC score clearly helps to highlight that hyperparameter tuning has helped the model in the process of separating high-risk borrowers from low-risk borrowers in a more effective manner [20].
[bookmark: _Toc235732226]3.7 Cross-Validation
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A five-fold cross-validation process has been conducted that helps to check the stability and overall performance of both models. Where the tuneed XGBoost model has been able to record the highest average ROC-AUC score, while logistic regression has been able to achieve as the second best. At the same time, the Tuned XGBoost model has showed only a very small level of overfitting gap [22]. Where these findings help to clearly highlight that the model performed in a consistent manner across different data splits and it is also very well suited for making prediction for credit loan default.
[bookmark: _Toc235732227]4. Discussion 
[bookmark: _Toc235732228]4.1 Model Evaluation 
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The evaluation results have highlighted that both models were able to predict loan default, but the tuned XGBoost model has been able to perform better across all the major evaluation measures. When it is being compared with logistic regression [21]. 
[bookmark: _Toc235732229]4.2 Model Performance, Interpretability and Generalisation
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While XGBoost is capable of providing strong prediction results by identifying complex financial patterns, logistic regression was easier to having understanding of the decisions because its coefficients are capable of clearly showing how each feature affects the probability of loan default. The cross-validation result has also helped in the process of confirming that the tuned XGBoost model is being able to remain stable, with only a small difference within the performance across the different folds.
[bookmark: _Toc235732230]4.3 Overfitting, Bias and Fairness
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The tuned XGBoost model has been only a 0.0057 difference between its training and testing split performance, which shows that little overfitting has taken place. However, the credit score model can still carry some type of bias from past lending details [23]. Due to this reason, fairness checks and regular model monitoring is highly important in order to maintain transparency, consistency, and responsible use of AI-supported lending decisions.
[bookmark: _Toc235732231]5. Conclusion and Recommendations  
[bookmark: _Toc235732232]5.1 Conclusion
The complete analysis has highlighted that machine learning can able to effectively support credit risk assessment by analyzing large financial data sets and identifying borrowers who have a higher possibility of loan default. Model-independent interpretability methods, which include feature importance and partial dependence plots, have helped to highlight that factors such as interest rate, loan grade, annual income, debt-to-income ratio, and loan amount had a major influence on prediction results. These methods have helped to make the model easier to understand by providing a detailed explanation regarding how each variable has been able to affect the prediction. The fairness assessment has also clearly highlighted that there is a requirement to check possible bias-related problems which can take place in the process of lending decisions. It will help to make sure that AI models will remain fair, explainable, and transparent always.
[bookmark: _Toc235732233]5.2 Practical Recommendations
· Focus on retraining the model on a regular basis with updated browser information that will help to keep prediction results accurate.
· Conduct fairness reviews at regular interval which will help in the process of identifying and reducing any kind of possible bias-related problems among different borrower groups.
· Need to apply explainability methods, such as feature importance and partial dependence plots, that will help to provide support for better decision-making.
· In the future, AI-based predictions can be combined with expert human judgment before providing approval for loans which involve high risk.
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# Outlier check
oUTLIER cOLS = [
*annual_income’, *total_credit_utilized", ‘loan_amount,
“debt_to_income’, "installment’, 'total credit limit’

1

OUTLIER_COLS = [c for ¢ in OUTLIER_COLS if c in df.columns]
display(df[OUTLIER_COLS].describe(percentiles=[0.01, 0.05, .95, 0.99]).T)

For col in OUTLIER_COLS:
plt.figure(figsize=(3, 4))
sns.boxplot (x=df[col])
plt.title(f"Boxplot of {col}")
plt.tight_layout()
plt.show()
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Boxplot of loan_amount
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Boxplot of debt_to_income
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# Outlier capping (Winsorization at 1st-99th percentile)
OUTLIER cOLS = [
*annual_income’, *total_credit_utilized", ‘loan_amount,
“debt_to_income’, "installment’, 'total credit limit’

1

OUTLIER_COLS

[c for ¢ in OUTLIER COLS if c in df.columns]

For col in OUTLIER_COLS:
1o, hi = df[col].quantile([0.01, 0.99])
df[col] = df[col].clip(lo, hi)

print(‘Outlier capping done.’)
print(‘Boxplots after outlier capping:

For col in OUTLIER_COLS:
plt.figure(figsize=(3, 4))
sns.boxplot (x=df[col])
plt.title(f"Boxplot of {col}")
plt.show()

Outlier capping done.
Boxplots after outlier capping:
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Boxplot of total_credit_utilized
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Boxplot of loan_amount
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# Train/Test split

RANDOM_STATE = 42

cv_FoLDS = 5

FEATURE_COLS = [c for c in df.columns if ¢
X = df[FEATURE_COLS]. copy ()

y = df["target’ ].copy()

“target’]

X_train, X_test, y_train, y_test = train_test_split(
%
¥
test_size-0.20,
random_state=-RANDO_STATE,

"Training set: {X_train.shape[0]:,} rous, {X_train.shape[1]} features")
"Test set  : {X_test.shape[0]:,} rous, {X test.shape[1]} features")
"Train default rate: {y_train.mean():.4f}")

"Test default rate : {y_test.mean():.4f}")

Training set: 446 rows, 53 features
Test set 112 rows, 53 features
Train default rate: 0.1996
Test default rate : 0.1964
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Feature Correlation Heatmap
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Fitting 5 folds for each of 40 candidates, totalling 200 fits
Best XGBoost parameters:
{*subsample’: 0.5, 'scale_pos_ueight

Best CV ROC-AUC: ©.6836
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# Logistic Regression coefficient interpretation
# Positive coefficients increase predicted default risk.
# Negative coefficients decrease predicted default risk.

coef_df = pd.DataFrame({
“Feature': FEATURE_COLS,
*Coefficient’: 1r_tuned.coef_[0]
n
coef_df[*AbsCosFficient ] = coef_df['Coefficient'].abs()
Coef_df = coef_df.sort_values('AbsCosficient', ascendin

display(coef_df.head(20) .round(4))

plt.figure(Figsize=(10, 7))
sns.barplot(
data=coef_df .head(20),
x="Coefficient’,
y=Feature"
)
plt.axviine(o, color='black’, linewidth=1)
plt.title(*Top Logistic Regression Cosficients’)
plt.tight_layout()
plt.show()
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Module Import and Environment Setup

# Core Libraries
inport numpy as np

inport pandas as pd

inport warnings

inport os

inport gc

inport joblib

from pathlib import Path
warnings. filterwarnings(*ignore*)

pd.set_option(*display.max_columns®, 60)

pd.set_option(*display. Float_format', '{:.4f}'.format)

# Visualisation
import matplotlib
inport matplotlib.pyplot as plt

import matplotlib.patches as mpatches
import matplotlib.gridspec as gridspec

import seaborn as sns

fron matplotlib.ticker import FuncFormatter

matplotlib. rcParans. update ({
*figure.dpi's 130,
*axes.spines.top': False,
*axes.spines.right': False,
“font.family': ‘DejaVu Sans',
‘axes.titlesize': 14,
‘axes. titleweight's 'bold’,

H
PALETTE = {'default’

# Sklearn

"#E74C3C", 'paid’
RISK_COLORS = {'Low Risk': '#27AE60",

from
from
from
from
from

)
from
from
from
from
from
from
from
from

sklearn.nodel_selection import train_test_split, StratifiedkFold, cross_val score
sklearn.preprocessing import LabelEncoder, StandardScaler, RobustScaler

sklearn. linear_model import LogisticRegression

sklearn.ensemble inport RandomForestClassifier, GradientBoostingClassifier

sklearn.metrics inport (

sklearn.model_selection import GridSearchCV, RandomizedSearchCV, cross_validate, StratifiedkFold

*#2ECCT1"

“Mediun Risk'

‘neutral®

*#F39C12°, ‘High Risk'

accuracy_score, precision_score, recall_score, f1_score,
roc_auc_score, classification_report, confusion matrix,
roc_curve, precision_recall_curve, average_precision_score

'#34980B"}

sklearn.metrics import ConfusionMatrixDisplay, RocCurveDisplay

sklearn.inspection import permutation_importance, PartialDependenceDisplay

sklearn.base import clone
scipy.stats import randint, uniform

sklearn.calibration import CalibratedClassifiercv

sklearn.pipeline import Pipeline
sklearn.impute import SimpleImputer

inport xgboost as xgb

v Data Preparation

# Load dataset
DATA_PATH = 'loans_full_schena.csv'
df_raw = pd. read_csv(DATA_PATH, low_memory=False)

# Dataset Shape
print(f'\n dataset shape: {df_raw.shape}')

dataset shape: (10800, 56)

# Check few rows
df_raw.head()
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emp_length state homeownership annual_:

ncome

global

) 1 config 30000 NJ  MORTGAGE 90000.0000
engineer

1 2, “warehoues 100000 HI RENT 40000.0000
office clerk

2 3 assembly 30000 Wi RENT  40000.0000
customer

3 3, Sobnet 10000 PA RENT  30000.0000

4 s | Seoury 100000 CA RENT 35000.0000
supervisor

# Target variable distribution

print(*\n loan_status distribution: ')
print(df_rawl' loan_status'].value_counts (dropna=False) )

Toan_status distribution:
loan_status

Current 9375
Fully Paid 447
In Grace Period 67
Late (31-120 days) 66
Late (16-30 days) 38

Charged Off 7
Name: count, dtype: int64

# Check Class Imbalance

# Filter to binary classification rows
# Keep only statuses that map cleanly to default / non-default

KEEP_STATUSES = {

verified

Verified

Not Verified

Source Verified

Not Verified

Verified

'Fully Paid' 10,
‘Charged 0f* 11,
‘Late (31-120 days)"' : 1,
‘Late (16-30 days)" 11
b
df_raw = df_raw[df_raw[‘loan_status']. isin(KEEP_STATUSES. keys())].copy()

df_raw['target’]

df_raw('loan_status '] .map (KEEP_STATUSES)

print(f'After filtering: {df_raw.shape[0]:,} rows')

print(*\nTarget distribution

print(df_raw[' target'].value_counts())
pet = df_rawl'target'l.mean() * 100
print(f'\nDefault rate: {pct:.2f}%"')

After filtering: 558 rows

Target distribution:

target
0 447

1 1m

Name: count, dtype: int64
Default rate: 19.89%

# Select meaningful features
FEATURES = [
# Borrower and application
‘em

# Credit

istory

length', ‘state’, ‘homeownership', ‘annual_income',
*verified_income', ‘debt_to_.

ncome’, ‘application_type’,

*deling_2y*, ‘months_since_last_deling', ‘earliest_credit_line',

*inquiries_last_12n',

‘total_credit_lines', ‘open_credit_lines',

“total_credit_limit',

“total_credit_utilized',

*num_collections_last_12m",

nun_historical_failed to_pay',

*months_since_90d_late',

*current_accounts_deling',

*total_collection_amount_ever’, 'current_installment_accounts’,

*accounts_opened_24m' ,

‘months_since_last_credit_inquiry

*num_satisfactory_accounts’, ‘num_accounts_120d_past_due',

*num_accounts_30d_past_due’
*total_debit_limit',
*num_cc_carrying_balance',

, ‘nun_active_debit_accounts’,

‘num_mort_accounts,

*num_total_cc_accounts*, ‘num_open_cc_accounts',

*account_never_deling_percent’, 'tax_liens', ‘public_record_bankrupt',
htps://colab research google com/drive/ 1pV6YS631VsbrohPQzDGyg TAHUF-GilR #printMode=true

debt_to_income annual_in

18.0100

5.0400
21.1500

10.1600

57.9600

The dataset exhibits a highly imbalanced class distribution, with defaults accounting for only 12.79% of the total observations.
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# Loan terms known at origination
*loan_purpose’, 'loan_amount', 'term’, ‘interest_rate',
‘installment’, 'grade’, 'sub_grade', ‘issue_month',

“initial_listing_status', ‘disbursement_method',

# Target
"target’

1

LendingClubLoanDefaultPrediction_V1 ipynb - Colab

FEATURES = [c for ¢ in FEATURES if c in df_raw.columns]
print(f'Selected {len(FEATURES)} columns (including target)')

f = df_raw[FEATURES] .copy ()
del df_raw
gc.collect()
print(f'Working dataframe shape: {df.shape}*)

Selected 46 colums (including target)

Working dataframe shape: (558, 46)

# Identifying missing values

missing = df.isnull().sun()
(missing / len(df) * 100).round(2)
missing_df = pd.DataFrame({'Missing Count': missing, 'Missing %':

missing_pct

missing_pct})

missing_df = missing_df [nissing df[*Missing Count'] > @].sort_values(‘Missing %', ascending=False)

print(

Missing Values

)

print(missing_df.to_string())

Missing Values

months_since_90d_late

months_since_last_deling

Missing Count Missing %
437 78.3200
310 55.5600

months_since_last_credit_inquiry
emp_length

num_accounts_120d_past_due

debt_to_income

52
37
20

2

9.3200
6.6300
3.5800
0.3600

The above columns contains significant missing values thats needs to be treated before machine learning Imnplementation

# Clean and derive date-related columns
in df.columns:

if “term’

df['tern'] = pd.to_numeric(df['tern'], errors='coerce')

if ‘emp_length' in df.colums:

df[“emp_length'] = pd.to_numeric(df[‘emp_tength'], errors="coerce")

if ‘interest_rate' in df.columns:

df[*interest_rate'] = pd.to_numeric(df['interest_rate'l, errors="coerce’)

# Convert earliest credit year into credit-history length at loan issue

if 'issue_month' in df.columns:
issue_dt = pd. to_datetine(df[*issue_month'], errors="coerce’)

df[*issue_year'] = issue_dt.dt.year
df[*issue_month_nun'] =

else:

ssue_dt.dt.month

issue_dt = pd.Series(pd.NaT, index=df.index)

if ‘earliest_credit_line’ in df.columns:

pd. to_numeric(df[‘earliest_credit_line'], errors='coerce')
issue_dt.dt.year. fillna(pd. Tinestamp. today () .year)
(reference_year - earliest_year).clip(lower=0)

earliest_year
reference_year
df ['credit_history_years']

df = df.drop(columns=['issue_month', ‘earliest_credit_line'l, errors='ignore')

# printing few rows of data after fixing values of column
df.head(5)

emp_length state homeownership annual_income verified_income debt_to_income application_type deling 2y

18
19
34
35
107

10.0000
1.0000
10.0000
1.0000
2.0000

[
CA
CA
MD

FL

MORTGAGE
MORTGAGE
MORTGAGE

owN
MORTGAGE

210000.0000

83000.0000

140000.0000

70000.0000

440000000

Verified
Source Verified
Not Verified
Source Verified
Verified
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# Load dataset
DATA_PATH = 'loans_full_schema.csv'
df_raw = pd.read_csv(DATA_PATH, low_memory=False)

# Dataset Shape
print(f'\n dataset shape: {df_raw.shape}')

dataset shape: (10000, 56)

# Check few rows
df_raw.head()

“""""“:; emp_title emp_length state homeownership annual income verified income debt to_income annual income joint verification_income joint debt to_income joint deling 2y months_since last_deli
global
0 1 config 30000 NJ MORTGAGE ~ 90000.0000 Verified 18.0100 NaN NaN NaN 0 38.00
engineer
warehouse
1 2 office 100000  HI RENT  40000.0000 Not Verified 5.0400 NaN NaN NaN 0 N
clerk
2 3 assembly 30000 Wi RENT 400000000  Source Verified 211500 NaN NaN NaN 0 28.00
3 4 C"ss:’n','i‘cee' 10000  PA RENT 30000.0000 Not Verified 10.1600 NaN NaN NaN 0
security . Ny
4 5 ! 100000  CA RENT  35000.0000 Verified 57.9600 57000.0000 Verified 37.6600 0
supervisor

. J »
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# Encode categorical features
CATEGORICAL_COLS = [
‘state’, ‘homeownership', 'verified
*loan_purpose’, ‘grade’, 'sub_grade’,
*initial_listing_status', 'disbursement_method'

come’, ‘application_type',

1
CATEGORICAL_COLS = [c for ¢ in CATEGORICAL_COLS if c in df.columns]

le_dict = {}

for col in CATEGORICAL_COLS:
le = LabelEncoder()
dflcol] = df [coll.fillna(Unknown').astype(str)
dflcol] = le.fit_transform(dflcol])
le_dict[coll = le

print(f'Encoded {len(CATEGORICAL_COLS)} categorical columns.')

Encoded 9 categorical columns.

# Inpute numeric missing values
NUM_COLS = df.select_dtypes (include=[np.number]).colums. tolist()
NUM_COLS = [c for c in NUM_COLS if ¢ != 'target']

# Use median imputation (as it is robust to outliers)
for col in NUM_COLS:

median_val = df [col] .median()

dflcol] = df [coll.fillna(median_val)
print(f'Inputed {len(NUM_COLS)} numeric colums with median.')
print(f'Remaining missing values: {df.isnull().sun().sum()}')

Imputed 46 numeric columns with median.
Renaining missing values: 0

# Outlier check

OUTLIER COLS = [
*annual_income', 'total_credit_utilized', 'loan_amount',
*debt_to_income’, 'installment’, 'total _credit_limit'

1
OUTLIER COLS = [c for ¢ in OUTLIER COLS if c in df.columns]

display (df [OUTLIER_COLS].describe(percentiles=[0.01, 0.05, 0.95, 0.99]).T)

for col in OUTLIER_COLS:
plt.figure(figsize=(8, 4))
sns.boxplot (x=df [col])
plt.title(f"Boxplot of {col}")
plt.tight_tayout()
pLt.show()
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count mean std min 1% 5% 50% 95% 99°%
annual_income 558.0000 84925.1308 109017.4491 0.0000 14969.0400 25000.0000 68850.0000 180330.0000 294300.0000
total_credit_utilized 558.0000 53296.0251  62649.4481 0.0000 64.0500 2385.0000 38960.0000 139357.2500 277100.3100
loan_amount 558.0000 160152778  10672.5505 1000.0000 1800.0000 3000.0000  13000.0000 36071.2500  40000.0000
debt_to_income 558.0000 17.3511 12.9181 0.0000 0.1356 2.3585 16.1600 34.4630 47.2944
installment 558.0000 471.7385 307.9726 33.9800 60.0342 108.7505 379.1350 1087.6790 1288.1077

total_credit_limit ~ 558.0000 202185.4749 208669.5828 1700.0000 6585.0000 18185.0000 125372.5000 561054.7000 898734.8000
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# Outlier capping (Winsorization at 1st-99th percentile)
OUTLIER COLS = [
*annual_income', 'total_credit_utilized', 'loan_amount',
*debt_to_income', 'installment’, ‘total_credit_limit'
1
OUTLIER COLS = [c for c in OUTLIER_COLS if c in df.columns]

for col in OUTLIER_COLS:
lo, hi = dflcol].quantile([0.01, 0.99])
dflcol] = dflcoll.clip(lo, hi)

print(*Outlier capping done.*)
print('Boxplots after outlier capping: )

for col in OUTLIER_COLS:
plt.figure(figsize=(8, 4))
sns.boxplot(x=df[col])
plt.title(f"Boxplot of {col}")
plt.show()
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Outlier capping done.
Boxplots after outlier capping:

Boxplot of annual_income
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~ Exploratory Data Analygig xplot of debt_to_income

# Target Class Distribution
plt.figure(figsize=(6, 4))

counts = df['target'].value_counts()
labels = ['Not Defaulted (0)', 'Defaulted (1)']

plt.bar(labels, counts.values)

plt.title('Target Class Distribution’, fontsize=12)
plt.ylabel('Count’, fontsize=10)
plt.xticks(fontsize=9)

plt.yticks(fontsize=9)

for i, v in enumerate(counts.values):
plt.text(

i,
v + counts.max()  0.01, # smaller offset above bars
£{v:, \n({v/len(df)¥100: . 1f}%) ',
ha='center",
fontsize=9,
fontweight="bold"

)
plt.ylim(@, counts.max() * 1.12)
plt.tight_layout()

plt.show()
'

Target Class Distribut

447
(80.1%)

Count

Not Defaulted (0)

# Default Rate by Grade
grade_labels = le_dict['grade’].classes_

grade_dr = (
df.groupby(*grade’) [ target']
~mean()
. reset_index(name="default_rate*)

)

grade_dr['grade_label'] = grade_labels[grade_dr|'grade']]
grade_dr = grade_dr.sort_values("grade_label’)

plt.figure(figsize=(8, 4.5))

bars = plt.bar(
grade_dr[*grade_label'],
grade_dr[*default_rate'] * 100
)

plt.title('Default Rate by Loan Grade', fontsize=12)
plt.xlabel('Loan Grade', fontsize=10)
plt.ylabel('Default Rate (%)', fontsize=10)
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plt.xticks(fontsize=9)
plt.yticks(fontsize=9)

for bar, rate in zip(bars, grade_dr['default_rate']):
plt.text(
bar.get_x() + bar.get_width() / 2,
bar.get_height() + 0.3,
' {rate * 100:.1f}%',
ha="center*,
fontsize=8,
fontweight="bold"
)

plt.tight_layout()

plt.show()
Default Rate by Loan Grade
60
50
R 40
o
T
f 30 29.5%
2 25.0%
£ X
20 19.8%
16.9%
) ~ .
0 -
A B c D E
Loan Grade
# Default rate by homeownership
if ‘homeownership' in df.columns:
own_labels = le_dict['homeownership'].classes_
own_dr = (
df. groupby (*homeownership*) [*target']
.agg(default_rate="mean’, count='count')
.reset_index()
)
own_dr['label'] = own_labels [own_dr [ *homeownership'].astype(int)]

plt.figure(figsize=(8, 4.5))

bars = plt.bar(own_dr[‘label'], own_dr['default_rate'] * 100)

plt.title('Default/High-Risk Rate by Homeownership')

plt.xlabel(*Homeownership* )

plt.ylabel('Rate (%)')

for bar, rate, count in zip(bars, own_dr['default_rate'], own_dr['count']):
plt.text(bar.get_x() + bar.get_width()/2, bar.get_height() + 0.2,

f'{ratex100:.1f}%\n(n={count:,})*, ha='center’, fontsize=8)
plt.tight_layout()
plt.show()
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# Key feature distributions
fig, axes = plt.subplots(2, 2, figsize=(14, 10))

def plot_hist_by_target(ax, col, xlabel, title):
if col not in df.columns:
ax.set_visible(False)
return
for t, color, label in [(0, PALETTE['paid’], ‘Fully Paid'),
(1, PALETTE['default’], ‘Late / Charged OFf')
subset = df.loc[df[*target’] , coll.dropna()
ax.hist(subset, bins=35, alpha=0.6, color=color, label=label, density=True)
ax.set_xlabel(xlabel)
ax.set_ylabel('Density")
ax.set_title(title)
ax. legend()

plot_hist_by_target(axes[0, 0], ‘loan_amount’, ‘Loan Amount ($)', 'Loan Amount Distribution')
plot_hist_by target(axes[@, 1], 'interest_rate', ‘Interest Rate (%)', 'Interest Rate Distribution®)
plot_hist_by_target(axes[1, 0], ‘annual_income’, ‘Annual Income ($)', 'Annual Income Distribution')
plot_hist_by_target(axes[1, 11, ‘debt_to_income', ‘Debt-to-Income Ratio', 'DTI Distribution')

plt.suptitle('Key Feature Distributions by Outcome', fontsize=15, fontweight='bold')
plt.tight_layout()
plt.show()
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# Check Class Imbalance
# Filter to binary classification rows
# Keep only statuses that map cleanly to default / non-default
KEEP_STATUSES = {
‘Fully Paid’
*Charged OFf"
"Late (31-120 days)'
"Late (16-30 days)'

[
5 4
R

1

df_raw = df_raw[df_rau['loan_status'].isin(KEEP_STATUSES.keys())].copy()
df_raw['target'] = df_raw['loan_status'].map(KEEP_STATUSES)

print(f'After filtering: {df_raw.shape[@]:,} rows')
print(‘\nTarget distribution:')

print(df_rau[ 'target'].value_counts())

pct = df_raw['target'].mean() * 100
print(f'\nDefault rate: {pct:.2f}%')

After filtering: 558 rows

Target distribution:

target
o 447
1o

Name: count, dtype: int64
Default rate: 19.89%

The dataset exhibits a highly imbalanced class distribution, with defaults accounting for only 12.79% of the total observations.
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# Correlation heatmap

corr_cols = [
“loan_amount', 'interest_rate’, 'annual_income’, ‘debt_to
“total_credit_utilized’, 'total_credit_limit', ‘open_credit_lines',
“total_credit_lines', ‘deling_2y’, ‘inquiries_last_12m
*public_record_bankrupt', ‘installment', ‘target

1
corr_cols = [c for c in corr_cols if c in df.colums]
corr_matrix = df [corr_cols].corr()

fig, ax = plt.subplots(figsize=(12, 10))

mask = np.triu(np.ones_like(corr_matrix, dtype=bool))

sns.heatmap(corr_matrix, mask=mask, annot=True, fmt=".2f",
cmap='Reds’, center=0, vmin=-1, vmax=1,
linewidths=0.5, ax=ax, annot_kws={'size': 8})

ax.set_title(Feature Correlation Heatmap')

plt.tight_layout()

plt.show()
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v Preprocessing Pipeline Test

# Derived features
df[*income_to_loan_ratio'] = df[‘annual_income'] / (df['loan_amount'] + 1)
df[*interest_burden'] = (df[*installnent']  12) / (df['annual_income'] + 1)
df[*loan_to_income'] = df['loan_amount'] / (df['annual_income'] + 1)
df[*credit_utilization
df[‘total_credit_utilized'] / (df['total_credit_limit'] + 1)

)
df[*open_credit_ratio'] = (
df['open_credit_lines'] / (df['total_credit_lines'] + 1)
)
df[*total_delinquency'] = (
df['deling_2y'].fillna(0)
+ df[*num_historical_failed_to_pay'].fillna(0)
+ df[*public_record_bankrupt'].fillna(@)
)
df[*high_interest'] = (
df['interest_rate'] > df['interest_rate'].quantile(0.75)
) .astype(int)
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print(*Feature engineering complete.’)
print(f'Total features (excluding target): {df.shape[1] - 1}')

display(df ([
*income_to_loan_ratio’, 'interest_burden®, 'loan_to_income',
‘credit_utilization_ratio’, 'open_credit_ratio’,
*total_delinquency’, ‘high_interest"

11.describe())

Feature engineering complete.
Total features (excluding target): 53

LendingClubLoanDefaultPrediction_V1 ipynb - Colab

income_to_loan_ratio interest_burden loan_to_income credit_utilization_ratio open credit_ratio total_d:

count 558.0000 558.0000 558.0000
mean 7.5793 0.0845 0.2367
std 7.7272 0.0610 0.1748
min 0.7916 0.0049 00118
25% 3.1291 0.0408 0.1120
50% 5.2026 0.0680 0.1922
75% 8.9279 01116 03195
max 84.9575 0.4106 1.2631

# Train/Test Split

RANDOM_STATE = 42

CV_FOLDS = 5

FEATURE_COLS = [c for c in df.columns if c != 'target']
X = df [FEATURE_COLS] . copy ()

y = df['target'].copy()

X_train, X_test, y_train, y_test = train_test_split(
X,
v
test_size=0.20,
random_state=RANDOM_STATE,
stratify=y
)

print(f*Training set: {X_train.shape[0]
print(f*Test set {X_test.shape[0]:,} rows, {X_test.shape[1]} features")
rain default rate: {y_train.mean():.4f}'
print(f*Test default rate : {y_test.mean():.4f}")

Training set: 446 rows, 53 features
Test set 112 rows, 53 features
Train default rate: 0.1996
Test default rate : 0.1964

# Scaling for Logistic Regression only
# Logistic Regression is sensitive to feature scale.
# XGBoost is tree-based and does not require scaling.

scaler = RobustScaler()
X_train_scaled = scaler.fit_transforn(X_train)
X_test_scaled = scaler. transform(X_test)

# Function create to evaluate model

def evaluate_classifier(name, model, X_eval, y_eval, plot=True):
y_pred = model.predict(X_eval)
y_proba = model.predict_proba(X_eval) [:, 1]

result = {
‘Model': nane,
*Accuracy': accuracy_score(y_eval, y_pred),
‘Precision’s precision_score(y_eval, y_pred, zero_division=0),
‘Recall': recall_score(y_eval, y_pred, zero_division=0),
‘Fl-Score': f1 score(y_eval, y_pred, zero_division=0),
*ROC-AUC': roc_auc_score(y_eval, y_proba),
‘y_pred': y_pred,
‘y_proba‘: y_proba

¥

print(f'==== {name}
print(classification_report(y_eval, y_pred, target_names=['Not Default',
print(f"ROC-AUC: {result['ROC-AUC']:.4f}")

if plot:
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ConfusionMatrixDisplay.from_predictions(
y_eval,
y_pred,
display_labels=['Not Default’, ‘Default'l,
cmap='Blues ",
values_forma

&
)

plt.title(f'Confusion Matrix: {name}')
plt. tight_layout()

plt. show()

RocCurveDisplay. from_predictions(y_eval, y_proba)
plt.title(f'ROC Curve: {name}')
plt.tight_layout()

plt.show()

return result

v Baseline Logistic Regression

# Baseline Logistic Regression (Class Weights are used because classes are imbalanced)

Lr_baseline = LogisticRegression(

max_iter=2000,
solver="saga’,
penalty="12',
c=1.0,

class_weight="balanced",
random_state=RANDOM_STATE,
n_jobs=-1

)

1r_baseline. fit(X_train_scaled, y_train)
1r_baseline_result = evaluate_classifier(
‘Baseline Logistic Regression’,
1r_baseline,
X_test_scaled,
y_test,
plot=False

= Baseline Logistic Regression ==

precision recall fl-score support
Not Default 0.84 0.51 0.63 90
Default 0.23 0.59 0.33 22
accuracy 0.53 112
macro avg 0.53 0.55 0.48 112
weighted avg 0.72 0.53 0.57 112

ROC-AUC: 0.5141

v Tuned Logistic Regression using GridSearchCV

# Tuned Logistic Regression
Lr_for_tuning = LogisticRegression(

solver="saga’,
class_weight="balanced",
random_state=RANDOM_STATE,
n_jobs=-1

)

r_param_grid = {
' [0.1, 1, 101,
‘penalty’: ['11°, '12']
¥

cv_strategy = StratifiedkFold(
n_splits=CV_FOLDS,
shuffle=True,
random_s tate=RANDOM_STATE
)

r_grid = GridSearchCV(
estimator=1r_for_tuning,
paran_grid=\r_paran_grid,
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scoring="roc_auc',
cv=cv_strategy,

refit=True

)
r_grid.fit(X_train_scaled, y_train)
r_tuned = 1r_grid.best_estimator_

print(Best Logistic Regression parameters: ‘)
print(lr_grid.best_params_)
print(f“Best CV ROC-AUC: {Lr_grid.best_score_:.4f}")

r_tuned_result = evaluate_classifier(
*Tuned Logistic Regression’,
1r_tuned,
X_test_scaled,
y_test,
plot=False

)

Fitting 5 folds for each of 6 candidates, totalling 30 fits
Best Logistic Regression parameters:

{'C': 0.1, 'penalty’: '12'}
Best CV ROC-AUC: 0.5681

= Tuned Logistic Regression

precision  recall fl-score support

Not Default 0.84 0.51 0.63 %0
Default 0.23 0.59 0.33 2
accuracy 0.53 112
macro avg 0.53 0.55 0.48 112
weighted avg 0.72 0.53 0.57 112

ROC-AUC: 0.5202
v Baseline XGBoost Classifier

# Baseline XGBoost Classifier
scale_pos_weight = (y_train = 0).sun() / max((y_train = 1).sun(), 1)
print(f"scale_pos_weight: {scale_pos_weight:.3f}")

xgb_baseline = xgb.XGBClassifier(
n_estimators=250,
max_depth=4,
learning_rate=0.08,
subsample=0.85,
colsample_bytree=0.85,
scale_pos_weight=scale_pos_weight,
objective='binary:logistic',
eval_metric='auc’,
random_state=RANDOM_STATE,
n_jobs=-1,
tree_method="hist"

)

xgb_baseline.fit(X_train, y_train)
xgb_baseline_result = evaluate_classifier(
*Baseline XGBoost',
xgb_baseline,
X_test,
y_test,
plot=False
)

scale_pos_weight: 4.011
Baseline XGBoost

precision recall fl-score support

Not Default 0.83 0.92 0.87 9%
Default 0.42 0.23 0.29 22
accuracy 0.79 112
macro avg 0.62 0.57 0.58 112
weighted avg 0.75 0.79 0.76 112

ROC-AUC: 0.6369
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Tuned XGBoost Classifier using RandomizedSearchCV

# Tuned XGBoost using RandomizedSearchCV

xgb_for_tuning = xgb.XGBClassifier(

objective="binary:logistic",
eval_metric="auc",
random_state=RANDOM_STATE,
n_jobs=1,
tree_method

hist"
)

xgb_paran_dist_fast = {
"n_estimators"
“max_depth®: [2, 3, 4, 5, 6],
"learning_rat
“subsample’
“colsample_bytree
“min_child_weight":

“reg_alpha
*reg_lanbda

[150, 200, 250, 300, 400, 500],

: [0.01, 0.03, 0.05, 0.08, 0.10],
[0.70, 0.80, .90, 1.00],

[0.70, 0.80, .90, 1.00],
, 3, 5, 7, 101,

fo, 0.05, 0.10, 0.25, 0.50],

[0, 0.01, 0.10, 0.50, 1.00],

f0.50, 1.0, 2.0, 5.0, 10.0],

# Let tuning test both weighted and unweighted versions

“scale_pos_weigh
b

xgb_random = RandomizedSearchCV(
estimator=xgb_for_tuning,

[1, scale_pos_weight]

paran_distributions=xgb_param_dist_fast,

random_state=RANDOM_STATE,
n_jobs=-1,

verbose=1,

refit=True,
return_train_score=True

)

xgb_random. fit(X_train, y_train)

xgb_tuned = xgb_random. best_estimator_

print("Best XGBoost parameters:")

print (xgb_random.best_params_)

print(f*Best CV ROC-AUC: {xgb_random.best_score_:.47}")

xgb_tuned_result = evaluate_classifier(

“Tuned XGBoos'
xgb_tuned,
X_test,
y_test,
plot=False

)

Fitting 5 folds for each of 40 candidates, totalling 200 fits

Best XGBoost parameters:

{'subsample’: 0.8, ‘scale_pos_weight': 1, 'reg_lambda': 5.0, ‘reg_alpha': 0, 'n_estimators': 250, ‘min_child_weic

recall
Not Default 0.81 0.96
Default 0.33 0.09
accuracy
macro avg 0.57 0.52
weighted avg 0.72 0.79

ROC-AUC: 0.6217

v Cross-Validation Comparison

# Cross-validation comparison

fl-score  support

0.88 90
0.14 22
0.79 112
0.51 112
0.73 112

# Using multiple metrics to show generalisation, not only one train/test split.

ev_scoring = {
‘accuracy': ‘accuracy’,
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‘precision’: ‘precision’,
‘recall’ recall’,

‘f1': 'f1°,

‘roc_auc': 'roc_auc’

¥

cv_models = {
'Baseline Logistic Regression': (lr_baseline, X_train_scaled),
*Tuned Logistic Regression': (lr_tuned, X_train_scaled),
‘Baseline XGBoost': (xgb_baseline, X_train),
*Tuned XGBoost': (xgb_tuned, X_train)

b

cv_rows = []

for model_name, (model, X_cv_data) in cv_models.items():
scores = cross_validate(
estimator=clone(model),
X=X_cv_data,
y=y_train,
scoring=cv_scoring,
cv=cv_strategy,
n_jobs=-1,
return_train_score=True
)

cv_rows..append ({
*Model*: model_name,
*Train ROC-AUC': scores*train_roc_auc'].mean(),
*CV Accuracy': scores['test_accuracy'].mean(),
‘CV Precision': scores['test_precision'].mean(),
*CV Recall': scores|'test_recall'].mean(),
‘CV F1': scores['test_f1'l.mean(),
*CV ROC-AUC': scores[*test_roc_auc'].mean(),
*CV ROC-AUC Std*: scores['test_roc_auc'l.std(),
‘Overfit Gap': scores['train_roc_auc'].mean() - scores['test_roc_auc'].mean()

H

cv_results_df = pd.DataFrame(cv_rows).sort_values('CV ROC-AUC', ascending=False)
display(cv_results_df.round(4))

Moder  Train ROC- w w O g OV ROC-  CVROC-AUC  Overfit

MIC  Accuracy  Precision  Recall AUC Std Gap

3 Tuned XGBoost 0.9494 0.8094 04810 01333 02064 07143 0.0850 02350

2 Baseline XGBoost 1.0000 07937 04744 03255 03769 06727 0.0567 03273

1 Timed Lageet 06414 05761 02508 05719 03475 05681 0.0679 00733
Regression

# Final test-set comparison

all_results = [
1r_baseline_result,
1r_tuned_result,
xgb_baseline_result,
xgb_tuned_result

1

metrics_df = pd.DataFrame([{
‘Model': r['Model'],
*Accuracy': rl‘Accuracy'],
‘Precision’: rl'Precision'],
‘Recall's r['Recall'l,
‘F1-Score': r[‘F1-Score'l,
*ROC-AUC': r[*ROC-AUC']
} for r in all_results]).sort_values('ROC-AUC', ascending=False)

display(metrics_df.round(4))

Model Accuracy Precision Recall Fl-Score ROC-AUC

2 Bassline XGBoost ~ 0.7857 04167 02273 02941  0.6369
3 Tuned XGBoost 07857 03333 00909 01429 06217
1 Tuned Logistic Regression  0.5268 02281 05909 03291 05202
0 Baseline Logistic Regression ~ 0.5268 02281 05909 03291 05141

# Visual comparison of final test metrics
metric_names = [‘Accuracy’, ‘Precision’, 'Recall’, 'F1-Score’, 'ROC-AUC']
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plot_df = metrics_df.set_index(*Model*) [metric_names]

ax = plot_df.plot(kind="bar’, figsize=(13, 6), edgecolor="white')
ax.set_ylim(0, 1.05)

ax.set_ylabel(‘Score’)

ax.set_title('Final Test-Set Model Comparison')
ax.legend(loc="lower right')

plt.xticks(rotation=25, ha='right"')

plt.tight_layout()

plt.show()

Final Test-Set Model Comparison
10

08

06

score

04

Aecuracy

02 Precision

00l

# ROC curves for all four model versions
fig, ax = plt.subplots(figsize=(8, 6))

for result in all_results:
fpr, tpr, _ = roc_curve(y_test, result['y_proba'l)
ax.plot(fpr, tpr, linewidth=2, label=f"{result[‘Model']} AUC={result['ROC-AUC']:.3f}")

ax.plot([0, 11, [0, 1], 'k—', linewidth=l, label='Random classifier)
ax.set_xlabel('False Positive Rate')

ax.set_ylabel('True Positive Rate')

ax.set_title(*ROC Curves: Logistic Regression vs XGBoost')
ax.legend(loc="lower right')

plt.tight_layout()

plt.show()
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ROC Curves: Logistic Regression vs XGBoost
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# Select best model based on test ROC-AUC
best_result = max(all_results, key=lambda r: r['ROC-AUC'])
best_model_name = best_result['Model']

if best_model_name == 'Baseline Logistic Regression':
best_model = Lr_baseline
best_X_test = X_test_scaled
best_X_train = X_train_scaled
best_is_scaled = True
elif best_model_name = 'Tuned Logistic Regression':
best_model = Lr_tuned
best_X_test = X_test_scaled
best_X_train = X_train_scaled
best_is_scaled = True
elif best_model_name = 'Baseline XGBoost':
best_model = xgb_baseline
best_X_test = X_test
best_X_train = X_train
best_is_scaled = False
else:
best_model = xgb_tuned
best_X_test = X_test
best_X_train = X_train
best_is_scaled = False

print(f"Best model by test ROC-AUC: {best_model_name}")
print(f*ROC-AUC: {best_result[*ROC-AUC']:.4}")

# Draw final confusion matrix and classification report for best model
evaluate_classifier(best_model_name, best_model, best_X_test, y_test, plot=True)
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# Select meaningful features
FEATURES = [
# Borrower and application
‘emp_length’, "state’, 'homeownership’, ‘annual_income’,
*verified_income’, 'debt_to_income’, ‘application_type’,
# Credit history
*deling_2y’, ‘months_since last_deling’, 'earliest credit_line’,

nquiries_last_12m’, 'total_credit_lines’, 'open_credit_lines’,
“total_credit_limit’, 'total_credit_utilized’,
*num_collections_last_12m’, ‘num_historical failed to_pay’,
“months_since_9@d_late’, 'current_accounts_deling’,
“total_collection_amount_ever’, ‘current_installment_accounts’,
*accounts_opened_24m’, ‘months_since_last_credit_inquiry’,
*num_satisfactory_accounts’, ‘num_accounts_126d_past_due’,
*num_accounts_3@d_past_due’, ‘num_active_debit_accounts’,
“total_debit_limit’, 'num_total_cc_accounts’, 'num_open_cc_accounts’,
*num_cc_carrying balance®, *num_mort_accounts’,
*account_never_deling_percent’, "tax_liens’, 'public_record_bankrupt’,
# Loan terms known at origination

*loan_purpose’, 'loan_amount’, ‘term’, 'interest_rate’,
‘installment’, ‘grade’, 'sub_grade’, 'issue month’,

*initial_listing status’, 'disbursement method’,

# Target

“target”

1

FEATURES = [c for c in FEATURES if c in df_raw.columns]
print(f'Selected {len(FEATURES)} columns (including target)')

i = df_raw[FEATURES]. copy()

del df_raw

gc.collect()

print(fWorking dataframe shape: {df.shape}")

Selected 46 columns (including target)
Working dataframe shape: (558, 46)
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# Identifying missing values

missing = df.isnull().sum()

missing pct = (missing / len(df) * 108).round(2)

missing df = pd.DataFrame({'Missing Count’: missing, 'Missing %': missing pct})

missing df = missing_df[missing df['Missing Count’] > @].sort_values('Missing %', ascending=False)

print(’=== Missing Values
print(missing_df.to_string())

Missing Values ===
Missing Count Missing %

months_since_9@d_late 437 78.3200
months_since_last_deling 310 55.5600
months_since_last_credit_inquiry 52 9.320
emp_length 37 6.6300
num_accounts_120d_past_due 20 3.5800
debt_to_income 2 e.3600

The above columns contains significant missing values thats needs to be treated before machine learning Imnplementation
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# Clean and derive date-related columns
if ‘term’ in df.columns:
df["term’] = pd.to_numeric(df[ term’], errors="coerce’)

if “emp_length’ in df.columns:
df["emp_length'] = pd.to_numeric(df['emp_length'], errors='coerce’)

if ‘interest_rate’ in df.columns:
df[*interest_rate'] = pd.to_numeric(df['interest_rate’], errors="coerce’)

# Convert earliest credit year into credit-history length at Loan issue

if 'issue_month’ in df.column
issue_dt = pd.to_datetime(df[ 'issue_month'], error:
df[*issue_year'] = issue_dt.dt.year
f[*issue_month_num'] = issue_dt.dt.month

else:
issue_dt = pd.Series(pd.NaT, index=

coerce")

Lindex)

if earliest_credit line’ in df.columns:
earliest_year = pd.to_numeric(df[earliest_credit_line'], errors="coerce’)
reference_year = issue_dt.dt.year.fillna(pd. Timestamp. today().year)
f["credit_history_years'] = (reference_year - earliest_year).clip(lower=e)

df = df.drop(columns=['issue_month’, ‘earliest_credit line'], errors='ignore’)

# printing few rows of data after fixing values of column
df head(s)

emp length state homeownership annual income verified income debt to_income application type deling 2y months since last deling inquiries last 12m total_credit lines open_credit lines total_credit limit total credit utilized num_collections last 12m num_hi

18 100000 1L MORTGAGE 2100000000 Verified 95300 individual 0 NaN 2 8 7 322046 73705 o
19 10000 CA MORTGAGE 830000000  Source Verified 18.4400 individual 3 14,0000 1 1 6 555154 30482 o
34 100000  CA MORTGAGE 1400000000 Not Verified 13.8200 individual 0 NaN 2 21 2 631258 69647 o
35 10000 MD OWN 700000000  Source Verified 00000 individual 0 31.0000 0 13 3 30400 % o

107 20000 L MORTGAGE 440000000 Verified 247700 individual 0 NaN B 16 9 56476 40706 o
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# Encode categorical features
CATEGORICAL_COLS = [
*state’, homeownership’, ‘verified_income', ‘application_type',
*loan_purpose’, 'grade’, sub_grade’,
*initial listing status’, 'disbursement_method"

1

CATEGORICAL_COLS = [c for c in CATEGORICAL_COLS if ¢ in df.columns]

le dict = {}
For col in CATEGORICAL_COLS:
le = LabelEncoder()
df[col] = df[col].fillna( Unknoun').astype(str)
df[col] = le.fit_transform(df[col])
le_dict[col] = le

print(f'Encoded {Len(CATEGORICAL_COLS)} categorical columns.')
Encoded 9 categorical columns.
# Inpute numeric missing values

NUM_COLS = df.select_dtypes(include=[np.number]).columns. tolist()
NUM_COLS = [c for c in NUM_COLS if c != 'target']

# Use median imputation (as it is robust to outliers)
For col in NUM_COLS:

median_val - df[col].median()

df[col] = df[col].fillna(median_val)

print(f'Inputed {len(NUM_COLS)} numeric columns with median.')
print(f'Remaining missing values: {df.isnull().sum().sum()}")

Imputed 46 numeric columns with median.
Remaining missing values: 0




