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Abstract
The assessment of credit risk has increasingly come to rely on machine learning in order to enhance the reliability of decision making. In this research, the Logistic Regression and Random Forest models have been created and evaluated on the Lending Club Loan dataset after extensive pre-processing, feature engineering, and avoidance of leakage. The optimization of hyperparameters has been carried out using GridSearchCV with stratified cross-validation, while the performance of the models has been evaluated based on a range of appropriate evaluation metrics for imbalanced classification problems. The findings reveal that Logistic Regression offers better detection of minority class and interpretability, while Random Forest achieves better accuracy.
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[bookmark: _qzkkq2w0x2a5][bookmark: _Toc234231220]1. Introduction and Problem Statement  
[bookmark: _9n5h2kgw9ghq][bookmark: _Toc234231221]1.1. Background
Credit risk assessment has been important for banks since making correct predictions reduces financial loss and adds stability to the portfolio. Conventional credit risk assessment methods have failed to provide adequate solutions when faced with complexities that arise when examining the borrower’s profile and imbalances in financial data [4]. As a result, the Lending Club database has been used to build machine learning models for credit risk prediction. The data has been pre-processed by filling in any missing values, getting rid of variables that are causing leakage, encoding categorical data, scaling and creating binary target variable. 
[bookmark: _2ygc6jo5gr1b][bookmark: _Toc234231222]1.2. Problem Statement
Credit default prediction has always been difficult due to the fact that financial datasets tend to be imbalanced, consist of different data types, and can include features which could lead to leakage of information. These factors have decreased the effectiveness of traditional predictive models in the case of identifying rare default instances [5]. For that reason, the Logistic Regression and Random Forest models have been constructed and tuned via stratified cross-validation for assessing their predictive capacity.
[bookmark: _15yh69i7kkyk][bookmark: _Toc234231223]1.3. Aim and Objectives
Aim
The aim of the study is to develop and evaluate machine learning models for reliable credit default prediction using appropriately pre-processed Lending Club loan data while assessing predictive performance, interpretability and fairness.
Objectives
· To clean and prepare the Lending Club Dataset via feature engineering, encoding categorical data, scaling and exploring the data.
· To build, optimize and compare Logistic Regression and Random Forest models with appropriate evaluation methods.
· To understand the behaviour of the model using feature importance and analysing fairness, interpretability and practicality.
[bookmark: _ct1q35n0c998][bookmark: _Toc234231224]1.4. Related Work 
[bookmark: _oifx6b4pxx2d]Machine Learning for Credit Risk Assessment
Machine learning has become a standard tool for credit risk analysis since financial data possess complex relations that traditional statistical approaches find it difficult to capture. 
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Figure 1: Application of Machine Learning in Risk Assessment
(Source: [2])
On the other hand, the Random Forest algorithm showed itself more suitable for capturing nonlinear relationships due to its ability to use ensemble learning and decrease the prediction variance [1]. 
[bookmark: _xww7wxo81h7y]Data Preparation and Model Optimisation
Data preparation has been identified as an important step since missing data, categorical data, feature scaling and data leakage significantly affect the prediction accuracy. Researchers in recent times have advised on handling missing values based on knowledge of the domain instead of random assignment since the former helps in preserving relevant financial data. 
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Figure 2: Steps of Data Preparation
(Source: [3])
Data removal from the post-loan period has been identified as another important step because the data features help in increasing the prediction accuracy without improving the application value of the model [6]. 
[bookmark: _6ut6kjlszdku]Model Evaluation, Explainability and Fairness
Credit risk prediction has needed thorough evaluation since the overall accuracy is not enough since it gives little information about the problem of class imbalance. Precision, recall, F1-score, ROC-AUC, and confusion matrix metrics have become commonly used to measure the ability of the classifier to predict minority class instances along with measuring the overall accuracy of the classifier [7]. Explainable Artificial Intelligence has become an area of interest due to the need to justify lending decisions by law and for trust in the process. 
[bookmark: _r3h88noako3z]Literature Gap
The existing literature has mainly focused on increasing predictive accuracy, while significantly less focus has been laid on incorporating data pre-processing, leakage avoidance, model optimization, explanation and fairness assessment into a single evaluation process. Comparative studies have also often emphasized accuracy even in case of extreme class imbalance in the default prediction problem. Hence, the current study addresses these issues by using thorough data preparation, optimized Logistic Regression and Random Forest algorithms and evaluation measures.
[bookmark: _nlp3qyh809wm][bookmark: _Toc234231225]2. Methodology 
[bookmark: _huudzwrkhm0c][bookmark: _Toc234231226]2.1. Data Preparation
The Lending Club dataset has been properly pre-processed to enhance its quality and ensure the robustness of model training. First, duplicate observations and redundant index columns were identified and dropped to preserve the integrity of the dataset, and then all post-loan related features like payments and balances have been eliminated due to their irrelevance for the loan approval and possible data leakage. Domain-specific imputation of missing values has been performed to preserve relevant financial data, and observations with critical missing debt-to-income ratios have been discarded as no reasonable estimation could be done [8]. 
[bookmark: _ngomqn9w08kf][bookmark: _Toc234231227]2.2. Algorithms
Two methods of supervised machine learning have been developed in order to compare the predictive power of each method with interpretability in a balanced way. In addition, more complex neural networks have not been used since the size of the dataset and the reporting needs favour interpretability rather than computational complexity [9]. Random Forest has thus been chosen since the ensemble learning technique is effective at capturing the nonlinear interactions among features while reducing the variance by having multiple decision trees. On the other hand, single Decision Tree has not been used since it has higher variance and is more prone to overfitting compared to ensemble techniques.
[bookmark: _xunao31215v][bookmark: _Toc234231228]2.3. Tuning
Optimisation of hyperparameters has been carried out through the use of GridSearchCV in conjunction with five-fold StratifiedKFold cross-validation to find out stable parameter combinations while maintaining the class ratio in each validation set. Random search was not used due to the fact that the predetermined parameter space was relatively easy to compute, and an exhaustive examination was carried out to ensure all candidate combinations were considered [10]. 
[bookmark: _yrab7l3if63h][bookmark: _Toc234231229]3. Experiments and Results
[bookmark: _8z8ze0xaubs6][bookmark: _Toc234231230]3.1. Experiments 
Data Loading
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Figure 3: Dataset Loading and Preview
The dataframe shows dimensions of the data (10,000 rows and 56 columns). The df.head() function only shows the first five records, including columns such as sub_grade, loan_status, the balance, and the “payment” columns.
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Figure 4: Data Types and Non-Null Counts
The df.info() method show all of the 56 features with summarised row names, non-null values, and data types. It is noted that several numbers indicate missing value (e.g., in emp_title, emp_length, and debt_to_income_joint, the numbers are below 10000). Objects can be of three data types: int64, float64, and object categories.
Dataset Understanding
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Figure 5: Summary Statistics for Numerical Features
The descriptive statistics like count, mean, std dev, min, quartiles and max can be obtained by the function called df.describe(). It includes 43 numbers like annual_income, debt_to_income, delinq_2y. This illustrates distribution features, potential outliers and different scales between features.
[image: ]
Figure 6: Distribution of Loan Status Column
Value_counts() is used in the code to tabulate frequency distribution of the target related categorical loan_status variable. The results reflect the high degree of class imbalance with "Current" being the most prevalent class with 9,375 records. 
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Figure 7: Missing Values Analysis
A summary table is provided for clarity for both of the previous metrics (missing_count and missing_percent). Results reveal that the verification_income_joint and annual_income_joint have missing data rates that are greater than 85%. 
Data Cleaning
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Figure 8: Duplicate Removal and Index Cleanup
Duplicate rows using duplicated().sum(), finding zero duplicates present has been checked. The unwanted "Unnamed: 0" index column, an artifact from CSV export, is conditionally dropped. Shape remains (10000, 56) after duplicate removal confirmation [11]. 
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Figure 9: Dropping Leakage and Joint-Only Columns
Data leakage columns like balance, paid_total, and paid_interest, since these reflect post-loan outcomes, have been removed. The drop() method eliminates nine columns total, reducing shape to (10000, 48). 
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Figure 10: Missing Value Imputation
Domain specific imputation strategies with fillna() have been applied. If there is no employment or no delinquency within 120 days, then Emp_length and num_accounts_120d_past_due non-missing and the value is zero. The rows that are missing for debt_to_income are simply eliminated by the use of dropna().


Feature Engineering
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Figure 11: Feature Engineering of Loan Status 
Categories include Current, Fully Paid, and three delinquency-related statuses. The dataset shows 9,354 "Current" records after prior cleaning operations. 
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Figure 12: Binary Target Variable Creation
Loan statuses such as “Charged Off” and “Late” are allowed to be assigned the default risk value of 1. There is a great inequity in the results with 9,799 negative cases and a comparatively small minority class of 177 positive cases ( 1.77 %).
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Figure 13: Categorical Feature Encoding
Three ways of encoding categorical variables. Value_counts(normalize=True) was used to normalize the "state" column to a percentage. These columns are disbursement_method and application_type and converted to discrete in label encoding.
Train-Test Split
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Figure 14: Stratified Train-Test Split
The 80:20 stratified train-test split using train_test_split() with stratify parameter on target y has been performed. There are 7980 samples with a default rate of 1.78% of the training set. 
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Figure 15: Feature Scaling with StandardScaler
Numerical features using StandardScaler(), fitting on training data and transforming both sets has been standardised. The fit_transform() method calculates training statistics while the transform() method applies the statistics to any test data without introducing data leakage. 
Logistic Regression Model
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Figure 16: Baseline Logistic Regression Training
Baseline LogisticRegression model with balanced class weights to address severe target imbalance has been trained. The max_iter=1000 parameter ensures convergence during optimization on scaled features. 



Random Forest Model
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Figure 17: Random Forest Baseline Model
BaselineRandomForestClassifier, with unscaled X_train data, and with balanced class weights, has been trained. It is possible to use n_jobs=-1 to run it in parallel and take advantage of CPU cores’ computational capacity. Estimates and predictions are made on X_test.
Tuning
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Figure 18: Logistic Regression Hyperparameter Tuning
The parameter grid that specifies the strength of the regularization C and l2 penalty and the lbfgs solver is specified. StratifiedKFold(5) is used to provides equal class distribution in the case of cross validation splits. GridSearchCV searches for the best parameters combination based on ROC-AUC scoring metric. The parameters were found to be the best, C=0.01, lbfgs solver, these gave a cross validated ROC-AUC of 0.6802 which is a moderate discriminative performance.
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Figure 19: Random Forest Hyperparameter Tuning
GridSearchCV has been done across n_estimators, max_depth, min_samples_split, and min_samples_leaf parameters. The StratifiedKFold cross-validation strategy maintains class balance during tuning. Optimal parameters identified were max_depth=5, min_samples_leaf=2, and 200 estimators. 
[bookmark: _9ph31r7h7k1u][bookmark: _Toc234231231]3.2. Results
Exploratory Data Analysis
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Figure 20: Distribution of Loan Amount
The plot displays the distribution of loan_amounts within the data using a Seaborn histogram to show the distribution and a kernel density estimate to add a smooth curve. There are several distinct peaks at round numbers, such as 10000, 15000, and 20000. 
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Figure 21: Distribution of Employment Length
Bar chart plots the frequency distribution of the emp_length values for the borrower records, in years. There is a dominant spike at 10.0 years that represents more than 3,300 borrowers with long tenure.
[bookmark: _qvhnugp4rkpz][image: ]
Figure 22: Correlation Heatmap of Key Numerical Features
Pairwise Pearson correlation are calculated amongst important numerical features and then colour coded intensities are overlaid in Heatmap. As expected, Loan Amount and Instalment are expected to be highly associated, with positive relationship being obtained, namely 0.94. There is high correlation between Total_credit_lines and open_credit_lines (0.76), which means that there might be some multicollinearity issues.
Bias and Fairness Exploration
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Figure 23: Default Risk Rate by Home Ownership Status
RentChart and HomeownershipChart show the default_risk rates for the rent Chart, and homeownership Chart, respectively. Renters' default risk rate (0.0195) is slightly higher than that of homeowners (0.0165).
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Figure 24: Default Risk Rate by Income Band
The chart below is a bar graph of default_risk rates for 4 income bands such as  Low, Medium, High, and Very High. Interestingly, High income band has the highest default rate ( 0.019), contrary to general belief. The lowest risk is for residents in the medium income band.
Model Evaluation
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Figure 25: Classification Report for Baseline Model
The Class 0 (no default) baseline prediction (logistic regression) has excellent precision (0.99) while the class 1 (default) baseline prediction has poor precision (0.03). Recall for minority class is still different at 0.54 which is considered to be well at partially unbalanced dataset. Operating on a subset of the imbalanced minorities, the overall accuracy (0.72) obfuscates the poor minority performance demonstrating the need for metrics of special value for imbalanced classification problems.
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Figure 26: Confusion Matrix for Logistic Regression Baseline
Heatmap is a visualization surface that features transparent (no label) or coloured (labels predicted) regions with varying levels of colour intensity based on the truthfulness of the labels. There are much more true negatives (1418) and few false positives (543) – a sign of huge false default risk prediction. Near balanced minority class detection as seen by True Positives (19) and False Negatives (16).
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Figure 27: ROC Curve for Baseline Logistic Regression
The true positive rate (TPR) and the false positive rate (FPR) vs. decision thresholds have been plotted as a ROC curve. The performance of the blue curve is better than the dashed random classifier baseline probably for most ranges of threshold. AUC of 0.687 is moderate discrimination capability. 
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Figure 28: Tuned Logistic Regression Classification Report
Scaled test data has been used for best estimator obtained from GridSearchCV and predictions generated. From the classification_report, the precision for the minority default class is 0.03 and the recall has a value of 0.51. The overall accuracy is 0.72 and an f1-score of 0.82 (weighted average).
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Figure 29: Logistic Regression Results Storage
The accuracy_score, precision_score, recall_score, f1_score and roc_auc_score functions are all metrics. Results show accuracy of 0.718, precision of 0.032, and ROC-AUC of 0.686.
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Figure 30: Baseline Random Forest Classification Report
Classification report prints out precision, recall and f1-score for the baseline random forest model that cannot be tuned. The recall value for class 0 is near perfect (1.00) and class 1 recall is 0.00. With both class weights balanced, no default cases are identified. The overall accuracy (0.98) seems good, but actually represents total minority class prediction failure.
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Figure 31: Confusion Matrix for Random Forest Baseline
Heatmap shows the predicted versus the true labels and it is colour intensity coded in shades of green for the untuned model. All non-default cases (1961) are classified as true negatives. Most importantly, there are no true positives, the defaults being all classified as false (false-negatives) value of 35.
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Figure 32: Tuned Random Forest Classification Report
Optimized Random Forest model, achieved by using the criterion of best_estimator_, on the result of the grids has been demonstrated. The classification report indicates that the classification task is recalled with an added error of 0.11, but remains low. The recall value for minority class detection is 0.04. The overall accuracy is 0.94, and macro-averaged f1-score of 0.51 shows that there are problems balancing majority class performance with minority class performance effectively.
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Figure 33: ROC Curve for Tuned Random Forest
A true positive rate versus false positive rate trade-off setting the thresholds for tuned Random Forest has been conducted. The green curve exhibits moderate separation from the diagonal baseline of the random classifier. AUC is 0.657 which is just below logistic regression.
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Figure 34: ROC Curve Comparison Between Models
The ROC curves of two classifiers, Logistic Regression and Random Forest are plotted using the same axes and compared directly. The logistic regression blue curve and the blue curve for the other fitted models appear to follow a similar pattern with logistic regression giving slightly better AUC value (0.686 versus 0.657). 
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Figure 35: Confusion Matrices Comparison
In terms of the number of true positive results, Logistic Regression does not miss defaults (18 classifications) as compared to the conservative approach of Random Forest (4 classifications). Random Forest clearly reduces the number of false positives (91) which is way lower than that of Logistic Regression (545). 
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Figure 36: Model Comparison Summary
DataFrame that can be used to compare the two models' result dictionaries that have been stored. Random forest has an accuracy score of 0.9389 and Logistic regression has a high recall of 0.5143 and a ROC AUC score of 0.6863.
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Figure 37: Overfitting Analysis via Train-Test Gap
Overfitting patterns have been proved by showing the ROC-AUC scores on the training data and the scores when the data is stored as test data. The Gap value is an amount that measures how poorly the system works between training and testing stages. The gap for the model of Random Forest and Logistic Regression are 0.2924 and 0.0864 respectively which shows significant gap (overfitting) for the model with Random Forest as compared to Logistic Regression which shows very less gap. 
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Figure 38: Top 10 Feature Importances for Random Forest
Horizontal bar chart ranking is based on the values of ratings calculated internally by the tuned Random Forest model. The one variable with highest importance on the interest rate is interest_rate (0.175), which is significantly more dominating than other variables. Secondary influential predictors are debt_to_income and instalment.
[bookmark: _ykpm87istygp][bookmark: _Toc234231232]4. Discussion 
[bookmark: _ra7l1gfrrsmx][bookmark: _Toc234231233]4.1. Comparison with literature
Results of the implemented approach have shown consistency with previous research on the benefits of using Logistic Regression and Random Forest in credit risk analysis. It was mentioned in previous works that Logistic Regression offers better interpretability, while Random Forest is able to capture non-linear connections between features better [12]. This behaviour was also found during the implementation, where Logistic Regression showed better ROC-AUC score (0.686) and minority class recall (0.514) in comparison with Random Forest; meanwhile, Random Forest showed higher accuracy (0.939) but poor default prediction capabilities because of significant class imbalance problem.  
[bookmark: _ywh5yswzhti0][bookmark: _Toc234231234]4.2. Interpretability
Model interpretability has always been an important issue since financial companies need to justify their automatic decision in terms of lending. The Logistic Regression approach has become more interpretable due to feature coefficients which could be clearly interpreted in terms of characteristics of borrowers affecting the default prediction [13]. Random Forest has been less interpretable in its nature because predictions were made based on multiple decision trees without any clear mathematics behind. 
[bookmark: _jqx3tnxcgm86][bookmark: _Toc234231235]4.3. Ethics
A key concern that ethical implementation has necessitated careful thought on is the impact of credit assessment being automated on financial opportunities for borrowing. The process of fairness analysis has, hence, involved looking into the behaviour of predictions between home ownership status and income levels in order to detect any possible bias that may be influencing lending decisions [14]. Some level of difference has been identified in terms of borrower groups, implying that some indirect influence from demographic variables on the probability of default may be through their financial variables. 
[bookmark: _hbwzoyz0pedj][bookmark: _Toc234231236][bookmark: _um8eac4g33dl]5. Conclusion and Recommendations 
[bookmark: _Toc234231237]51. Conclusion
The study aimed to create and test credit default prediction models based on machine learning, aiming to meet gaps found in the literature, including the need to take into account only the probability rate, rather than the overall process of credit default prediction, in severe class imbalance. The results validate the core contradiction found in literature such as Logistic Regression is interpretable and regulatory defensible for lending and non-linear patterns are captured by Random Forest but may overfit and be opaque. Both models suffered from low rates of recall at minority financial data classes, and thus any measure of economic data accuracy would be “ill-representative” of the minority data performance. It would have implications for lending institutions, as such a model without validation could lend sizable money to the high-risk borrowers, forcing a company such as Lending Club to a major financial loss. 
[bookmark: _qnuu36img7c][bookmark: _Toc234231238]5.2. Recommendations
· Consider using SMOTE, ADASYN or borderline oversampling in addition to class_weight as 177 positive samples do not allow the model to see the decision boundaries of the minority classes.
· On an imbalanced tabular dataset, XGBoost/LightGBM accounts for the weight by using scale_pos_weight which usually gives better performance than Random Forest and has an inherent regularization effect to prevent overfitting [15].
· The 0.5 cutoff is defaulted, avoiding precision recall (AUC) with cost sensitive thresholds, given that there are asymmetric financial costs to defaulting.
· If number of positive classes is small, increase the number of folds to 5-10 and make sure each fold has enough default examples.
· [bookmark: _548w7n2cpwz6]Tune the model and Serve with Docker/ FastAPI, track experiments with MLflow and Automate retraining with CI/CD for production reliability [16].
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# Load the dataset
F = pd.read_csv("/content/loans_full

# Basic dinensions
print("Dataset shape (rows, columns):”, of.shape)
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of.describe()

count

%
0%
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© # bistribution of the loan_status column
GF["oan_status" ].value_counts()

count
1oan_status
Curent 9375
Fulypaid 447
InGracePeriod 67
Late (G1-1200ay9) 65
Late(60days) 38
Charged off 7

dtype: inte4.
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© # vissing values per colum, sorted from highest to lowest.
missing sumary - df.1snull().sun(). sort_values (ascending=False)
(missing sumary / len(df) * 100

pd.atarrane
“missing_count": missing sumary,
“missing percent": missing percent.round(2)

»

missing table[missing_table[“missing count] > o]

missing_count missing_percent

verification_income_joint 8545 545
‘annual_income_joint 8505 8505
deb_to_income_joint 8505 8505

‘months_since_90d_late 715 7715
months_since_last_deling 5658 655
‘months_since_last_credit_inquiry 171 27
emp_titie 833 83
emp_ength 817 817
num_sccounts_120d_past_due 318 ER

deb_to_income 2 024
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# Remove exact duplicate rows, if any
duplicate_count = df.duplicated().sun()
print(“Nusber of duplicate rows found:", duplicate_count)

df = of..drop_duplicates()
print(“shape after removing duplicates:", df.shape)

number. of duplicate rows fount
Shape after removing duplicates

e
(1009, 55)

# Drop the umnaned Index colum carried over from the CSV export
5 "Unnaned: ©" in df.columns

F = df..drop(columns.[ “Unnaned

i)

print(“Unnaned index colum renoved.

Unnaned index column removed.
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© # brop colums containing post-loan repaysent infornation and Joint-only applicant features.
Leakage_colums = [
“balance”,
“paid total”,
“paid_principa
“paid_interest”,
“paid_late_fees”

1

Joint_only_colums.
“annual_incone_joint",
“yerification_incone_Joint",
“debt,_to_incone_joint"

f = df..Grop(columns-Leakage_colums + Joint_only_coluens)

print("shape after dropping leskage and joint-only colums:”, df.shape)

e Shape after dropping leakage and joint-only columns: (10000, 48)
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# Replace missing values using appropriate dosain-specific assumptions.
dF["emp_Length”] = dF["enp_length"]. fillna(o)

F["sonths_since_last_deling

afT"months_since _last_deling"].F111na(959)

af"months_since_sed_late"] = of["

nths_since_oed_lats

1-#illna(sss)

df["months._since_last_credit_inquiry"] = df["months_since_last_credit_inquiry

fillna(sss)

F"num_accounts_126d_past_due'

F["num_accounts_120d_past_dus

fillna(e)

F = df..dropnasubset={“debt_to_incone"])

print(“Remaining missing values
print(df.1snul1().sun(). sun())

)

Remaining missing values:
e
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Feature Engineering

# Inspect the categories that will be grouped
print(df["loan_status"].value_counts ()

loan_status
current o
Fully Faid a5
In Grace period &
Late 1120 days) 66
Late (15-30 days) H
charged off 7

Nane: count, dtype: intes
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© # pefine the binary tanget variable from loan status
Gefault_categories = [
“Charged off",
“Late (31120 days)",
“Late (16-38 days)",
“In Grace Period

1

GF["default_risk"] = 6f["Loan_status*].apply(
lambda x: 1 5F x in default_categories clse 0

)

print(df["default_risk"].value_counts())

print()

print(“positive class (default risk) proportion:”,
round(af["default_risk”].mean() * 100, 2), "percent’

e default_risk
o s
1o
Nane: count, dtype: intes

Positive class (default risk) proportion: 1.77 percent
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© # Encode categorical festures using frequency, label, and one-hot encoding techniques.

state_freq = df["state"].value_counts (norsalize=True)
F["state_freq"] = GF["state"].nap(state_freq)
af - df..grop(columns-["stat:

binar

/_Like_columns - [
“initial_listing status
“disbursenent_pethod",
“application_type"

1
1abel_encoder ~ Labelencoder()

or column in binary_Like_colums:
af[colunn] - label_encoder. Fit_transforn(df[colum])

Low_cardinality_columns = [
“honeownership”,
“verified_incone",
“Loan_purpose”,
“1ssue_month”

columns-low_cardinality_columns,
arop_first=True
)

print("shape after encoding:", df.shape)

Shape after encoding: (3976, 58)
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# stratified train-test split, 80 percent train, 2 percent test

X_train, X_test, y_train, y_test = train_test split(
% v
test_siz:
stratify=y,

20,

RANDOM _STATE

print(“Training set shape:*, X_train.shape)
print(“Test set shape:”, X_test.shape)
print()

print(“Training set default rat

Training set shape: (7389, 57)
Test set shape: (1595, 57)

Training set default rate: 1.75 percent
Test set default rate: 1.75 percent

, round(y_train.mean() * 108, 2), "percent)
print(“Test set default rate:", round(y_test.nean() * 160, 2),

"percent™)
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© *# stondordize the festure set while preserving feature nomes for later interpretation.
scaler - Standardscaler()

X_train_scaled - scaler.fit_transforn(x_train)
X_test_scaled = scaler.transforn(x_test)

X_train_scaled = pd.pataFrane(
X_train_scaled,
columnsX_train. columns,
index-x_train. index

)

X_test_scaled = pd.DataFrame(
X fest_scaled,
columnsX_test. coluans,
index-x_test. index

)

print("reature scaling complete.”)
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# Train a baseline Logistic Regression model
Log_reg_baseline = Logisticegression(
Class_veight="balanced",
max_iter-1000,
randon_state-RANDOH_STATE

)

Log_reg_baseline. fit(x_train_scaled, y_train)

y_pred_Ir_baseline = log_reg_baseline.predict(x_test_scaled)
J_proba_Lr_baseline = log_reg_baseline.predict_proba(x_test_scaled)!:, 1]

print(" Logistic Regression trained.”)

Logistic Regression trained.
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Random Forest Model

# Train a baseline Random Forest model

r#_baseline - RandomForestClassifier(
alanced”,

Fandon_state-RANDOH_STATE,

rF_baseline. Fit(x_train, y_train)

y_pred_r#_baselin
Y proba_rf_baseline

£ baseline. predict (x_test)
r¥_baseline.predict_proba(x_test)[:, 1]

print(" Randon Forest trained.”)

Randon Forest trained.
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Logistic Regression Hyperparameter Tuning

(© # pefine the paraseter gri for Logistic Regression
1r_paran_grid =
" [e.01, 0.1, 1, 101,

stratified cv = StratifiedkFold(n_splits=s, shuffle=True, randon_state-RAIDGH_STATE)

1r_grid_search = Grigsearchcu(
estinator-Logisticregression(class_ueight="bslanced", max_iter
paran_grid=1r_paran_grid,
scoring="roc_auc",
cv-stratified_cv,
n_job:

~1080, randon_state=RANDON_STATE),

)

Ir_grid_search.f1t(x_train_scaled, y_train)

print("sest paraneters:
print("sest cross-validated Roc-ALX

1r_grid_search.best_parans_)
+ round(Ir_grid_search.best_score_, 4))

Best parameters: {'C': 0.61, ‘pensliy’s 12', ‘solver's 'lofgs’}
Best cross-validated ROC-AUC: @802
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Random Forest Hyperparameter Tuning

© # Derine the parsneter grid for Random Forest
v#_paran_grid

estinators*: (100, 200],

i depth' [, 10, Nonel,

in samples_split"; [2, 51,

in_samples_leaf": [1, 2]

¥

rf_grid_search = Grigsearchcu(
estinator-Randonorestclassifier (class_weight="balanced", randon_state=RANDOM_STATE, n_jobs=-1),
paran_grid=rf_paran_grid,
scoring="roc_auc",
cv-stratified_cv,
n_jobs=-1

)

PF_grid_search.f1t(x_train, y_train)

, r¥_grid_search.best_parans_)
4 round(f_grid_search.best_score_, 4))

print("sest paraneters:
print("Best cross-validated ROC-AUC:

o Best parameters: {'max_depth': 5, ‘min_samples_leaf's 2, 'min_samples_split': 2, 'n_estimators': 200}

Best cross-validated ROC-AUC: ©.6951
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Correlation Heatmap of Key Numerical Features
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Default Risk Rate
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© *# Clossification report for the baseline model
print (classification report(y_test, y_pred_Ir_baseline))

. precision  recall fi-score support

o ess o2 ess 198

1 o3 ess  o.es s
accuracy e72 1395
macro ave esi e elas s

ueignted ave es7 o2 e 1
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True Positive Rate
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© # Refit the tuned Logistic Regression model and evaluate on the test set
Log_reg_tuned = 1r_grid_search.best_estinator..

y_pred_1Ir - log_reg_tuned.predict(x_test_scaled)
Y_proba_lr = 1og_reg_tuned. predict_proba(x_test_scaled)

ES]

print(classification_report(y_test, y_pred_r))

precision  recall fi-score support

o ess ez em 198

1 e es e.es s
accuracy e72 1395
macro ave esi e elas s

ueignted ave es7 o2 em s
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© # store Logistic Regression results for later comparison

I

3

bt

r_results - {
model": “Logistic Regression”,
ccuracy”: accuracy_score(y_test, y_pred_lr),
recision”: precision_score(y_test, y_pred_1r),
recall_score(y_test, y_pred_Ir),
#1_score(y_test, y_pred_Ir),
roc_auc_score(y_test, y_proba_lr)

r_results

N

‘mogel': ‘Logistic Regression’,

‘accuracy’: 6.715438873747255,
‘precision’: 0.03157155031705151,
‘recall’: 0.5142857142857142,

F1': 0.05020056889632107,

*roc_auc*: np.floatss (. 6862679390381278)
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© *# Clsssification report for the boseline Randon Forest model
print(classification_report(y_test, y_pred rf_baseline))

precision  recall fi-score support
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# Refit the tuned Random Forest model and evaluate on the test set
rF_tuned = rf_grid_search.best_estinator_

Y_pred_r = rf_tuned.predict(x_test)
Y_proba_rf = r¥_tuned. predict_proba(x_test)[:, 1]

print(classification_report(y_test, y_pred_rf))

precision  recall fi-score support

o ess  ess  esr 198

1 e e e.es s
accuracy esa 1398
macro ave esi e elsl s

ueignted ave o7 ess a5 s
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ROC Curve Comparison: Logistic Regression vs Random Forest

10— Logistic Regression (AUC = 0.686)
—— Random Forest (AUC = 0.657)
Random Classifier
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Model Comparison

© # 5uild the comparison table
comparison_df
comparison_df
comparison_df

comparison_df.round(2)

accuracy precision recall  f1

model

Logistic Regression 0718 00320 05143 00602

Random Forest 08380 00421 0.1143 0.0615

pd.Datarrane ([1r_results, rf_results]).set_index("

rocauc

06883

06572
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© # Compare troin vs test performance to check for overfitting
train_auc_Ir = roc_auc_score(y_train, log_reg_tuned.predict proba(x_train_scaled)(:, 11)
test_auc_Ir - Ir_results("roc_auc"]

train_auc_rf = roc_auc_score(y_train, rf_tuned.predict_proba(x_train)(:, 11)

test_auc_rf - rf_results["roc_auc"]

overfitting check = pd.Datarrane({

“Hodel stic Regression", "Random Forest”],
[train_auc_lr, train_auc_rf],
+ [test_auc_Ir, test_auc_rfl,

“Test ROC-AUC"

n
overfitting_check["Gap"
overfitting_check.round(2)

verfitting check[*Train ROC-UC"] - overfitting check["Test ROC-AUC"]

# A larger gap betueen train and test ROC-AUC indicates a greater degree
# of overfitting to the training data

Model Train roc-AUC Test roc-au  Gap [
0 Logistc Regression o osws ooms

1 Random Forest 0.94% 08572 02924




image39.png
Top 10 Feature Importances: Random Forest

interest_rate
debt_to_income

installment
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loan_amount

num_total_cc_accounts

open_credit_lines

0.000 0.025 0.050 0.075 0.100 0125 0.150 0175
Importance




image40.png
© # Create a flag for Joint applications before dropping joint-only colums
F["1s_joint_spplication”] = Gf["application_type"].apply(
Lombda x: 1 5 str(x).lower() == "Joint" clse @

)

F["1s_joint_spplication”].value_counts()

- count.
15 joint_spplication

o 8505

1 145

dtype: inte4.
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Distribution of Loan Status (raw categories)
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© # separate numerical and categorical feature lists for later use
numerical_features - of.select_dtypes(include-[*intes", “floates"]).columns. tolist()
categorical_features = df..select_dtypes (include=["object"]) .columns. tolist()

print("lmber of nuserical features:"
print(lmber of categorical features
print()

print("Categorical festures:", categorical_features)

len(nuserical_features))
", len(categorical_features))

Number of nuserical features: 43
Number of categorical festures: 13

Categorical features: ['emp_title', state’, ‘hoseounership’, ‘verified_incone’, 'verificat
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© # Cap extrene annual Incone values at the 55th percentile.

income_cap = df["annuz]_income"].quantile(e.59)

F["annua1_incone"] = np.uhere(
F["annual_incone"] > income_cap,
incone_cap,
f"annual incone"]

)

print("Annual incose capped at the SSth percentile:", round(income_cap, 2))

w annusl incone capped at the Ssth percentile: 300208.2
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© # Remove the high-cardinality employnent title feature from the dataset.
print(“Unique values in emp_title:", df[“enp_title"].nunique())

4f = df..rop(columns=["enp_title"])

. Unique values in emp_title: 4721
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Default Risk Rate by Income Verification Status

0.025
0.020
0.015

0.010

Default Risk Rate

0.005

0.000

Verification Status




image49.png
Interest Rate

25

20

15

10

coa® owo

Interest Rate by Default Risk

Default Risk (0 = No, 1 = Yes)





image50.png
target_correlations = df.corr (numeric_only=True) [“derault_rise" . sort values (sscending=rase)
Carget_correlations arop ~desault_risk)
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© * Eplore default risk across annual incose groups as part of the fairness assessment.

F["incone_band"] = pd.qeut(
F["annual_incone"],
=,
Tabels=["Low", “Mediun’, "igh', "Very High"]
)

income_band_summary = f.groupby ("incone_band")["default_risk"].mean()

plt.Figure(figsizes(s, 5))
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© # Confirm o non-numeric columns remain before scaling
F.dtypes.value_counts()

count
)
bool 17
foast 11

dtype: inf64.
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© # separste features ond torget

X = d.drop(column
¥ = df["cefault_risk’]

tefault_risk"])

print("Feature matrix shape:”, X.shape)
print("Target vector shape:”, y.shape)

Feature matrix shape: (3975, 57)
Target vector shape: (9975,
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© # store Randon Forest results for later comparison
ré _results - {

"model": "Random Forest”,

ccuracy”: accuracy_score(y_test, y_pred_rf),
recision”: precision_score(y_test, y_pred_rf),
ecall”: recall_score(y_test, y_pred_rf),
17: 1_score(y_test, y_pred_rf),
‘oc_auc”: roc_auc_score(y_test, y_proba_rf)

re_results

e {'model’: ‘Randonm Forest,
‘accuracy’: 6.338577755511622,
‘precision’: 0.042105263157534736,
‘recall’: 0.11428571428571428,
F1': 0.05153846153846154,
“roc_auct: mp.flostse(s.6572302762952007) )
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