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[bookmark: _Toc235992977][bookmark: _Toc235993026]Abstract
The assessment of the credit-risk is effective in helping lenders for the identification of the capacity of borrowers to repay loans and maintain payment obligations. The study is being developed for the comprehensive and critical evaluation of the framework of linear and custom machine learning models for the effective prediction of default capacity based on the data of Lending Club loans_full_schema. The study is based on the 10,000 observations gathered from the dataset and has 56 variables in the imported dataset. After removing the unpaid loans, the modelling sample included the 454 paid loans, where 447 were fully paid, and seven were charged-off loans. The study uses the median value to replace the missing values with the most frequent values in the data. With the help of stratified cross-validation and a set of held-out trials, the best baseline and tuned Logistic Regression (LR) and Gradient Boosting (GB) models have been assessed. The results from the evaluation, however, represented a test accuracy of 98.90%. On the other hand, all the models have resulted in zero precision, recall and F1-score for the default class. The best ROC-AUC results of the study have also resulted in the Baseline Gradient Boosting (0.7111), which represents the sensitive test set size, with the help of only one default. The results from the data analysis have also confirmed that the overall accuracy, despite having a high rate, was not effective in detecting defaults. The existing models are not suitable for operational utilisation as the current sample of resolved loans demands the identification of feature mapping errors due to inadequate treatment for imbalance management and threshold tuning, and weaker fairness testing.
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[bookmark: _Toc235992978][bookmark: _Toc235993027]1. Introduction and Problem Statement
[bookmark: _Toc235911818][bookmark: _Toc235992979][bookmark: _Toc235993028]1.1 Background of Credit Risk Prediction
The assessment of the credit-risk is one of the major requirements for financial performance evaluation for any business. This helps lenders identify the borrowers who will actually pay up from the others and helps in the management of the data for better business decisions and profitability. Especially, businesses that have to deal with borrowing and lending must have the capacity for effective identification, as the approval of defaulters in this aspect will directly impact the profit of the organisation and will create a scenario that will directly create a situation where the lender will have to take legal action to recover the money. Evidence from recent studies has highlighted that the repayment outcome can have a direct impact on the payment outcome. However, the impact can have differentiation based on the sample size and time [2]. The effective credit model must identify these patterns and understand the patterns of working while focusing on the hold-up under scrutiny.
[bookmark: _Toc235911819][bookmark: _Toc235992980][bookmark: _Toc235993029]1.2 Machine Learning in Financial Lending
The logistic Regression in this aspect is one of the major approaches that can have a direct impact on the method of measurement, as these numbers can easily explain when increasing the risk. This, eventually, however, assumes that the overall procedure works through the linear form, which further creates the issue in the identification of complex situations or tricky relationships, unless they are clearly indicated. The steps from Gradient Boosting can provide more flexibility in this aspect with the help of decision building through the step-by-step approach and reducing the previous through continuous learning [18]. Recent studies have also represented that machine learning models can bring the real edge to credit scoring, but do not have anyone-size-fits-all framework that can be applied thoroughly [3]. It is suggested to implement a marginal improvement within these models for s clear, reliable results at a reasonable cost [4]. Again, in case of any high-stakes decisions, a marginal improvement in discrimination can directly impact the assessment and the challenges to the overall assessment or governance [15].
[bookmark: _Toc235911820][bookmark: _Toc235992981][bookmark: _Toc235993030]1.3 Problem Statement
One of the primary difficulties and the credit score is the class imbalance. Where defaults are rare, a minority class can often be classified with high accuracy through the prediction of the most common non-default class in almost all cases. Brown and Mues [20] have shown that the imbalance within the credit data can directly alter the behaviour of classify while studies have also recommended that cost-sensitive learning and optimisation of the overall threshold can have a direct impact on the cost-sensitive learning [8]-[10].  The precision, recall and the F1 score are crucial for small numbers of positive and precision-maintained information. Then, ROC analysis in the classification of the positive class [19].
[bookmark: _Toc235911821][bookmark: _Toc235992982][bookmark: _Toc235993031]1.4 Research Objectives
The fundamental research question being assessed in the study is not only the identification of the models that can achieve the highest accuracy but rather focusing on the model that can reliably identify default borrowers while focusing on generalisation under a situation of imbalance. The fundamental goal of the study is also to create, compare and assess critically the Logistic Regression and Gradient Boosting models for data collected from the structured Lending Club. This further helps in processing the data and tuning the model of both frameworks while comparing their performance and generalisation capability.
[bookmark: _Toc235989027][bookmark: _Toc235992983][bookmark: _Toc235993032]2. Literature Work
[bookmark: _Toc235989028][bookmark: _Toc235992984][bookmark: _Toc235993033]2.1 Credit-scoring models
From the evaluation of the experts and statistical scorecards, it has been highlighted that credit scoring is important for the data-driven machine learning implementation. Dastile, Celik and Potsane [4] have highlighted that frameworks like Logistic Regression, decision trees, Support-Vector Machines and ensemble methods are effective for the design and processing of the design of the sample construction through the evaluation of the design, which can have a direct impact on the results. From the perspective of the Lending Club research, Croux et al. [2] have shown that the borrower and contractual characteristics are having a close correlation related to default risk. On the other hand, Ariza-Garzón et al., [3] have highlighted that non-linear models have an effective prediction to capture the non-linear effects in the features through SHAP explanations. Bazzana, Bee and Khatir [11], on the other hand, have stated that the machine learning benefits over the benefits of Logistic Regression can be constrained, which further demands the Evidence-Based Selection of the individuals rather than having any algorithm-centred selection.
[bookmark: _Toc235989029][bookmark: _Toc235992985][bookmark: _Toc235993034]2.2 Imbalance, evaluation and explainability
Class imbalance, as highlighted in recent studies, is one of the major issues in the default cases, as these are rare but costly. A collaboration of the weighted SMOTE and ensemble learning, as represented by Abedin et al. [8], along with threshold optimisation and under sampling, has been further studied by Leevy et al. [9]. Similarly, Bui and Ta [10] have also proposed an interpretable ensemble for imbalanced credit data. These studies collectively show that a high level of accuracy can reduce or hide the failures of minority groups. From the perspective of imbalanced classification, Saito and Rehmsmeier [19] have also suggested using the precision-recall curves directly on the positive predictions and detected events.
Explainability, in these aspects also needs to be reduced as the lending outcomes have real-world impact on people. Bussmann et al. [5] and Kyeong and Shin [12] have demonstrated that explainable techniques can help in the evaluation of credit-risk identification. The study by Lundberg et al. [14] further provides a consistent approach to explain trees both locally and globally with SHAP. However, Chen, Calabrese and Martin-Barragán [7] have highlighted that the imbalance in the class can cause feature rankings and explanations of the values to be unstable. An explanation can only be understood through the description of the behaviour of the model and not as evidence of a causal credit-risk relationship.
[bookmark: _Toc235989030][bookmark: _Toc235992986][bookmark: _Toc235993035]2.3 Fairness and governance
Fairness, in the aspect of the credit measurement, might conflict with predictive utility and profitability. In credit scoring, the trade-off is discussed by Kozodoi, Jacob and Lessmann [6] and Lessmann and Bikand [7]. These studies collectively offer methods to test and diagnose unfair credit scoring models. Further, the trade-offs have been discussed by Kozodoi, Jacob and Lessmann [6] and Lessmann and Bikand [7] for the testing and diagnosing of unfair credit scoring models. Brotcke [17] have also noted that the bias needs to be maintained effective when using machine learning in the credit decision-making process. Governance frameworks, on the other hand, also require effective documentation, validation and monitoring. The NIST AI Risk Management Framework [16] have recommended the Lifecycle governance, and good creditworthiness assessment and monitoring have already been mandated by the European Banking Authority [17]. These principles are applicable for the explainable technology models, as without integrity, the models can be inappropriate due to a poor fit of data, poor validation or poor performance when the model is applied to subgroups.
[bookmark: _Toc235989031][bookmark: _Toc235992987][bookmark: _Toc235993036]3. Methodology
[bookmark: _Toc235989032][bookmark: _Toc235992988][bookmark: _Toc235993037]3.1 Research design and dataset
The train-test structure, with the help of the stratified distribution, can have a direct impact on the linear and non-linear classifiers, which were previously assessed against each other in a quantitative experimental design. The notebook imported from the OpenIntro dataset loans_full_schema.csv is a version of the Lending Club loans [1] dataset which has detailed observations in the table below. This featured with the help of 10,000 observations and 56 columns have been effective in highlighting the distribution. Among these results the 9,375 loans were current, 447 were fully paid, 67 were in the grace period, 66 were 31-120 days late, 38 were 16-30 days late, and seven were "charged off". The analysis highlights that not all of these loans were resolved and can be in a final repayment state and were not included. The study is because only fully paid and charged-off outcomes were included, as there were no loans that were not in a final repayment state.  
	Dataset characteristic
	Notebook output

	Imported observations
	10,000

	Imported variables
	56

	Current loans
	9,375

	Fully paid loans
	447

	Charged-off loans
	7

	Final modelling sample
	454

	Default rate
	1.54%

	Imbalance ratio
	63.9:1



[bookmark: _Toc235993297]Table 1. Dataset and target profile generated from the notebook outputs.
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[bookmark: _Toc235993387]Figure 1. Target distribution and class balance. Source: notebook output based on Lending Club data.
The analysis highlighted that 95.46% of observations were selected, removing the not resolved and not assigned incorrect outcome cases. However, the population size that could be used decreased, and only seven positive cases remained. This process overall highlighted the validity of the labels and diminished statistical reliability. 
[bookmark: _Toc235989033][bookmark: _Toc235992989][bookmark: _Toc235993038]3.2 Exploratory analysis and feature preparation
Exploration examined the target distribution, missing values, correlations and default rates by grade. Ten fields contained missing observations, including several joint-income variables with very high missingness. The missing-value profile supported explicit imputation rather than complete-case deletion, which would have further reduced an already small sample.
[image: ]
[bookmark: _Toc235993388]Figure 2. Percentage of missing values in the filtered modelling dataset. Source: notebook output.
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[bookmark: _Toc235993389]Figure 3. Observed default rate by Lending Club loan grade. Source: notebook output
From the evaluation of the finalised data, it has been highlighted that the initial predictors were 20, which are considered to be financially relevant, but the differences in schemas warranted only 5 predictors: term, instalment, grade, sub_grade, and emp_length that needed to be included. For instance, the notebook asked for annual_inc and data, but the dataset variables were annual_income and debt_to_income. The mismatch limited the model to 5 predictors, which is why there was only an instalment and the target in the correlation analysis. This restriction must not be hidden, as this can directly impact the quality of the output of the data evaluation and the quality of the model.
[bookmark: _Toc235989034][bookmark: _Toc235992990][bookmark: _Toc235993039]3.3 Preprocessing, modelling and validation
Numeric variable imputation with the median and standardisation have been conducted. The categorical variables have been replaced with the common category and then coded binarily with an order. The categorical variable has been replaced with the implications of the common category and binary code. The values that were not identifiable were coded as -1.  
The observation overall was differentiated into an 80:20 ratio, having the effect of training with 363 observations and a test set with 91 observations. The sixth default in this training set and one default within the test set were selected.  The baseline logistics regression with the use of 100 estimators, learning rate 0.1, and maximum depth of three was assisted from the perspective of L1 and L2 penalty along with regularisation value. The primary difference between the performance of the baseline and tuned ensembles is not necessarily due to tuning, as the two ensembles used different estimators.
There was a stratified cross-validation for final comparison with the three-fold results. However, the heading in the notebook has highlighted the five-fold. Accuracy and default precision, recall, F1, ROC-AUC, Average Precision and the confusion matrices were investigated. Permutation importance, Logistic Regression coefficients, SHAP and partial dependence plots were one of the major aspects of the interpretation. Fairness analysis was attempted within available socioeconomic subgroups, but was not possible for age and gender, and was too small for stable group comparisons.
[bookmark: _Toc235989035][bookmark: _Toc235992991][bookmark: _Toc235993040]4. Experiments and Results
[bookmark: _Toc235989036][bookmark: _Toc235992992][bookmark: _Toc235993041]4.1 Hyperparameter optimisation and cross-validation
The tuned Logistic Regression with the value of C=0.001 used the linear solver used L1 regularisation. After this severe penalty, all fitted coefficients were set to 0, and the best validation ROC-AUC was 0.5000. The tuned histogram-based Gradient Boosting in the study have been effective for the selection of the learning rate and the learning rate to be 0.0851, maximum depth 5, 113 iterations, 45 leaf nodes, minimum leaf size 24, and L2 regularisation 0.4498. The best validation ROC-AUC was 0.4930.
	Model
	CV Accuracy
	CV F1
	CV ROC-AUC

	LR baseline
	0.6143 ± 0.0506
	0.0000 ± 0.0000
	0.2059 ± 0.0549

	LR tuned
	0.9835 ± 0.0000
	0.0000 ± 0.0000
	0.5000 ± 0.0000

	GB baseline
	0.9725 ± 0.0039
	0.0000 ± 0.0000
	0.3887 ± 0.1016

	GB tuned
	0.9835 ± 0.0000
	0.0000 ± 0.0000
	0.4930 ± 0.0248


[bookmark: _Toc235993298]Table 2. Three-fold stratified cross-validation results.
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[bookmark: _Toc235993390]Figure 4. Corrected three-fold cross-validation visualisation reconstructed from the notebook metrics
[bookmark: _Toc235989037][bookmark: _Toc235992993][bookmark: _Toc235993042]Although tuned models achieved higher accuracy, none successfully identified default cases, indicating that accuracy alone was not a reliable performance measure.4.2 Held-out test performance
	Model
	Accuracy
	Precision
	Recall
	F1
	ROC-AUC

	LR baseline
	0.5385
	0.0000
	0.0000
	0.0000
	0.4667

	LR tuned
	0.9890
	0.0000
	0.0000
	0.0000
	0.5000

	GB baseline
	0.9670
	0.0000
	0.0000
	0.0000
	0.7111

	GB tuned
	0.9890
	0.0000
	0.0000
	0.0000
	0.5222



[bookmark: _Toc235993299]Table 3. Held-out test-set results; precision, recall and F1 refer to the default class
Baseline Logistic Regression resulted in 41 false positives and missed the default but correctly classified 49 of the 90 non-default cases. Baseline Gradient Boosting correctly classified 88 non-default cases and have resulted the 2 false positives and missed the default. Both tuned models effectively identified all 90 non-default cases, while the default case was correctly highlighted as one of the non-default cases by both models. With a 98.90% accuracy both the results were successful, as a trivial model that always classified an observation as fully paid.
[image: ]
[bookmark: _Toc235993391]Figure 5. Confusion matrices for all four models on the test set. Source: notebook output
The Baseline Gradient Boosting have achieved the highest ROC-AUC value of 0.7111. However, this was highly dependent on the one positive test observation. The precision-recall analysis was more effective. On the other hand, with average precision scores ranged from 0.011 to 0.036, which is in the ballpark of the prevalence of the test set, resulting in 1.10%. Neither of the models exhibited practically useful minority class discrimination.
[image: ]
[bookmark: _Toc235993392]Figure 6. ROC curves for the four evaluated models. Source: notebook output
[image: ]
[bookmark: _Toc235993393]Figure 7. Precision-recall curves and average precision scores. Source: notebook output
[bookmark: _Toc235989038][bookmark: _Toc235992994][bookmark: _Toc235993043]4.3 Interpretability and fairness outputs
The strongest positive contributors highlighted from the analysis were the instalment and length of employment, as measured by permutation importance and then the state of large uncertainty. The negative permutation importance highlights the alterations of the variable which have directly created an increase in ROC-AUC, suggesting unstable or noisy data. Instalment was rated No. 1 with SHAP, followed by sub-grade and employment length. This is the disagreement between methods, which compares in the similarly perspective with the warning given by Chen et al. [7] regarding the possible destabilisation of explanations based on the credit model.
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[bookmark: _Toc235993394]Figure 8. Permutation importance for the tuned Gradient Boosting model. Source: notebook output
[image: ]
[bookmark: _Toc235993395]Figure 9. Global mean absolute SHAP importance for the tuned ensemble. Source: notebook output
The Logistic Regression coefficients resulted in 0 due to the use of strong L1 regulations. Partial dependence has also been highlighted a small decrease in model output across terms with an irregular instalment relationship, which, however, learned from just six training defaults and should not be assumed to be causal. The fairness code generated no reliable subgroup statistics, as age and gender were missing.
[bookmark: _Toc235989039][bookmark: _Toc235992995][bookmark: _Toc235993044]5. Discussion
[bookmark: _Toc235989040][bookmark: _Toc235992996][bookmark: _Toc235993045]5.1 Model comparison and generalisation
The results do not show any superiority in the uniform aspect in the tuned Gradient Boosting. Tuned Gradient Boosting's test ROC-AUC was only slightly higher than that of random ranking, while Baseline Gradient Boosting had the highest test ROC-AUC. One of the major outcomes of the study was the establishment of the default recall of zero and default F1. The ensemble thus did not provide any proven operational benefit at the applied threshold. This contrasts with Lending Club studies from the perspective of the predictors and larger samples, where the recent strides [2] [3] have shown that the failure in the present was the result of the target scarcity and feature loss, not the inability of either algorithm.
The high accuracy reflected class imbalance rather than effective default prediction, as all models performed poorly on the minority class.
[bookmark: _Toc235989041][bookmark: _Toc235992997][bookmark: _Toc235993046]5.2 Interpretation, fairness, and ethics
The interpretability outputs reflect the mechanisms of the models and are not validations of the model. SHAP and permutation importance presented different feature ranks, and the linear model removed all the features' importance. These explanations, therefore, do not constitute reliable predictors of default, but rather of unstable fitted behaviour. Rudin [15] states that when making high-stakes decisions, the model should be interpretable and reliable whenever possible, but in this case, it is not, and the post hoc explanation does not address the real issue of the model's predictiveness.
The relevant protected attributes were not provided, and the numbers of events in the subgroups were too small to establish fairness. Proxy analysis in the current research can be utilised from the perspective of a substitute for socioeconomic variables [6], [13]. For responsible use, it is essential that the effective retrieval of the documents and review by humans occur, and there would be documented limitations, appeal mechanisms, and continuous monitoring as expected by NIST and EBA [16] [17].
[bookmark: _Toc235989042][bookmark: _Toc235992998][bookmark: _Toc235993047]6. Conclusion and Recommendations
The study developed and evaluated Logistic Regression and Gradient Boosting models to predict loan default using Lending Club data.The model performance was not consistent in the identification of the defaulting loans. Tuned Logistic Regression and tuned Gradient Boosting had 98.90% accuracy with only one default in the test set. For all the models, the precision, recall and F1 score were 0. Baseline Gradient Boosting achieved the highest ROC-AUC but was not sufficiently stable to deploy.
The first suggestion is to use a significantly larger set of fixed-up Lending Club loans with adequate numbers of charged-off outcomes to support stratified training, validation, and temporal testing. Second, the names of the features should reflect the real schema, allowing annual income, debt-to-income ratio, home ownership, loan purpose, and interest rate and credit-history measures to be evaluated. To avoid leakage, post-outcome variables should be excluded. Third, both baseline and tuned ensembles need to be generated using the same ensemble estimator.
Class weighting, threshold optimisation, cost-sensitive learning, and thoroughly tested resampling further need to be compared from the perspective of the event sample increment. Evaluation must include the precision-recall AUC, balanced accuracy, and calibration and cost-based measures.  The notebook should consider an educational demonstration of an experiment and not an operational credit decision implementation before these conditions are being fulfilled.
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v Artificial Intelligence for Credit Risk Assessment

Component 1: ML Model - Lending Club Loan Default
Prediction

Dataset: Lending Club Loan Data (Kaggle)

Notebook Structure

. Setup & Library Imports

. Dataset Loading & Understanding (Test 1)

. Exploratory Data Analysis (Test 2)

. Preprocessing Pipeline (Test 3)

. Baseline Logistic Regression (Test 4)

. Tuned Logistic Regression with GridSearchCV (Test 5)
. Baseline Ensemble Model — Gradient Boosting (Test 6)
. Tuned Ensemble Model with RandomizedSearchCV (Test 7)
. Cross-Validation Comparison (Test 8)

. Final Test-Set Evaluation (Test 9)

. Interpretability & Fairness Analysis (Test 10)

. Summary & Recommendations
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v 1. Setup & Library Imports

# — Install required packages (run once in Colab)
'pip install —-q shap xgboost imbalanced-learn

# — Core libraries
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import matplotlib.ticker as mtick
import seaborn as sns

import warnings
warnings.filterwarnings('ignore')

# — Scikit-learn
from sklearn.model_selection import (
train_test_split, GridSearchCV, RandomizedSearchCV,
cross_val_score, StratifiedKFold

)
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from sklearn.preprocessing import StandardScaler, LabelEncoder
from sklearn.pipeline import Pipeline
from sklearn.impute import SimpleImputer
from sklearn.compose import ColumnTransformer
from sklearn.linear_model import LogisticRegression
from sklearn.ensemble import GradientBoostingClassifier, RandomForest:
from sklearn.metrics import (

accuracy_score, precision_score, recall_score,

f1_score, roc_auc_score, confusion_matrix,

classification_report, RocCurveDisplay

)

# — SHAP for interpretability
import shap

# — Reproducibility seed
SEED = 42
np.random. seed(SEED)

# — Plot styling
sns.set_theme(style='whitegrid', palette='muted', font_scale=1.1)
plt.rcParams['figure.dpi']l = 110

print("® A1l libraries imported successfully.")

All libraries imported successfully.

v 2. Dataset Loading & Understanding (Test 1)

Goal: Load the Lending Club dataset from Google Drive, inspect its shape, column
types, target variable distribution, class imbalance, and missing values.

# — Load dataset
# Update the path below to match where the CSV sits in your Drive
DATA_PATH = '/content/loans_full_schema.csv' # « adjust if needed

df_raw = pd.read_csv(DATA_PATH, low_memory=False)
print(f"Dataset shape: {df_raw.shape[0]:,} rows x {df_raw.shapel[1]} c

Dataset shape: 10,000 rows x 56 columns

# — First look
display(df_raw.head(3))
display(df_raw.dtypes.value_counts().rename('dtype count'))
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Unnamed; emp_title emp_length state homeownership annual_income

global

0 1 config 3.0 NJ MORTGAGE 90000.0
engineer

1 g Warehouse 100 HI RENT 40000.0
office clerk

2 3 assembly 3.0 Wi RENT 40000.0

3 rows x 56 columns

dtype count

int64 26
float64 17
object 13
dtype: int64
# — Target variable: loan_status

print("Unique loan_status values:")
print(df_raw['loan_status'].value_counts(), '\n')

# — Binary target: 1 = Default, 0 = Fully Paid —MM8
# Keep only the two clearest outcomes for a clean classification task
keep_status = ['Fully Paid', 'Charged Off', 'Default']

df = df_raw[df_raw['loan_status'].isin(keep_status)].copy()
df['target'] = (df['loan_status'l.isin(['Charged Off', 'Default'l)).a
print(f"Rows after filtering: {len(df):,}")

print(f"Default rate: {df['target'l.mean():.2%}")

Unique loan_status values:
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

Rows after filtering: 454
Default rate: 1.54%

# — Class imbalance visualisation
fig, axes = plt.subplots(1, 2, figsize=(12, 4))

counts = df['target'].value_counts()

axes[0].bar(['Fully Paid (0)', 'Default (1)'], counts.values,
color=['#4C72B0', '#DD8452'], edgecolor='white')

axes[0] .set_title('Class Distribution (Count)')
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axes[0].set_ylabel('Number of Loans')
for bar, v in zip(axes[0].patches, counts.values):
axes[0].text(bar.get_x() + bar.get_width()/2, bar.get_height()*0.
f'{v:,}', ha='center', va='top', color='white', font

axes[1].pie(counts.values, labels=['Fully Paid (@)', 'Default (1)'l,
autopct="%1.1f%%', colors=['#4C72B0"', '#DD8452'],
startangle=140, wedgeprops={'edgecolor': 'white'})

axes[1].set_title('Class Balance (Proportion)')

plt.suptitle('Target Variable: Loan Default Distribution', fontsize=1
plt.tight_layout()

plt.show()

print(f"Class imbalance ratio (Majority:Minority) = {counts[0]/counts

Target Variable: Loan Default Distribution

Class Distribution (Count) Class Balance (Proportion)

447

=
8
3

Default (1)

8
3

Number of Loans
N
8
8

-
5
8

Fully Paid (0)

°

Fully Paid (0) Default (1)
Class imbalance ratio (Majority:Minority) = 63.9:1

# — Missing value analysis
miss = (df.isnull().sum() / len(df) * 100).sort_values(ascending=Fals
miss = miss[miss > 0]

print(f"Columns with missing values: {len(miss)}")

fig, ax = plt.subplots(figsize=(12, max(4, len(miss[:30])%0.35)))
miss[:30].plot.barh(ax=ax, color='#4C72B0"')

ax.axvline(50, color='red', linestyle='—-', label='50% threshold')
ax.set_xlabel('Missing (%)')

ax.set_title('Top-30 Columns by Missing Data %')

ax.legend()

plt.tight_layout()

plt.show()
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v 3. Exploratory Data Analysis (Test 2)

Goal: Correlation heatmap, default rate by key financial features (loan grade, income,
interest rate, employment length, purpose), and bias indicators.

# — Select key numeric features for EDA

numeric_eda = [
'loan_amnt', 'funded_amnt', 'int_rate', 'installment',
'annual_inc', 'dti', 'open_acc', 'revol_bal', 'revol_util',
'total_acc', 'target'

1
# Keep only columns that exist in this dataset
numeric_eda = [c for c in numeric_eda if c in df.columns]

df_num = df [numeric_eda]. copy()
# Cap extreme outliers at 99th percentile for visualisation
for col in df_num.columns:
if col != 'target':
df_num[col] = df_num[coll.clip(upper=df_num[coll.quantile(0.9'

# — Correlation heatmap

fig, ax = plt.subplots(figsize=(11, 9))

corr = df_num.corr()

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

sns.heatmap(corr, mask=mask, annot=True, fmt='.2f', cmap='RdY1lGn',
center=0, linewidths=0.5, ax=ax, square=True,
cbar_kws={'shrink': 0.8})
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ax.set_title('Correlation Heatmap of Key Numerical Features', fontsiz
plt.tight_layout()
plt.show()
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# — Default rate by loan grade
if 'grade' in df.columns:
grade_default = df.groupby('grade')['target'].mean().sort_index()
fig, ax = plt.subplots(figsize=(8, 4))
bars = ax.bar(grade_default.index, grade_default.values x 100,
color=plt.cm.RdY1Gn_r(np.linspace(0.1, 0.9, len(gra
ax.set_ylabel('Default Rate (%)')
ax.set_xlabel('Loan Grade')
ax.set_title('Default Rate by Loan Grade')
ax.yaxis.set_major_formatter(mtick.PercentFormatter())
for bar in bars:
ax.text(bar.get_x() + bar.get_width()/2, bar.get_height() + @
f'{bar.get_height():.1f}%"', ha='center', va='bottom',
plt.tight_layout()
plt.show()

Default Rateztg"{’ Loan Grade

2.50%
2.0%

18%

2.00%

1.50%

0.7%

1.00%

Default Rate (%)

0.50%

- 0.0% 0.0% 0.0%

C D E F G
Loan Grade

0.00%

# — Default rate by loan purpose
if 'purpose' in df.columns:
purpose_default = (df.groupby('purpose’)['target']
.agg(['mean', 'count'])
.sort_values('mean', ascending=True))
purpose_default = purpose_default[purpose_default['count'] > 500]

fig, ax = plt.subplots(figsize=(10, 5))

ax.barh(purpose_default.index, purpose_default['mean'] * 100,
color="#4C72B0"', edgecolor='white')

ax.set_xlabel('Default Rate (%)"')

ax.set_title('Default Rate by Loan Purpose')

ax.xaxis.set_major_formatter(mtick.PercentFormatter())

plt.tight_layout()

plt.show()
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if 'int_rate' in df.columns:
fig, ax = plt.subplots(figsize=(9, 4))
for label, color in zip([0, 11, ['#4C72B0', '#DD8452']):

ax.
ax.
ax.

ax

subset = df [df['target'] == labell ['int_rate'].dropna()
ax.hist(subset, bins=50, alpha=0.6, color=color,
label="Fully Paid' if label == 0 else 'Default', dens
set_xlabel('Interest Rate (%)')
set_ylabel('Density')
set_title('Interest Rate Distribution by Loan Outcome')

. legend()

plt.tight_layout()
plt.show()

# — Default rate by employment length

if 'emp_length' in df.columns:
emp_order = ['< 1 year', 'l year', '2 years', '3 years', '4 years

'5 years', '6 years', '7 years', '8 years', '9 years

emp_default = df.groupby('emp_length') ['target'].mean()
emp_default = emp_default.reindex([e for e in emp_order if e in el

fig, ax = plt.subplots(figsize=(10, 4))

ax.
ax.
ax.
ax.
ax.
ax.

bar(range(len(emp_default)), emp_default.values x 100, color='
set_xticks(range(len(emp_default)))
set_xticklabels(emp_default.index, rotation=30, ha='right')
set_ylabel('Default Rate (%)')

set_title('Default Rate by Employment Length')
yaxis.set_major_formatter(mtick.PercentFormatter())

plt.tight_layout()
plt.show()

Default Rate by Employment Length

0.040%

Default Rate (%)

0.020%

0.000%

-0.020%

~0.040%

Dttps://colab research google com/drive/ 1zZR7uSI2_SIBX79cnAoUSDZObPOY47A2Wi#scroll To=k_soiC78ICKe&printMode=true

9/33




image20.jpg
7/25/26,10:14 AM Lending_Club_Loan_Default_Prediction ipynb - Colab

# — Annual income distribution (log scale) by outcome
if 'annual_inc' in df.columns:
fig, ax = plt.subplots(figsize=(9, 4))
inc_cap = df['annual_inc'].clip(upper=df['annual_inc'].quantile(0
for label, color in zip([0, 11, ['#4C72B0', '#DD8452']):
subset = inc_cap[df['target'] == labell
ax.hist(np.loglp(subset), bins=60, alpha=0.6, color=color,
label="Fully Paid' if label == 0 else 'Default', dens
ax.set_xlabel('log(1l + Annual Income)')
ax.set_ylabel('Density')
ax.set_title('Annual Income Distribution by Loan Outcome (log sca
ax. legend ()
plt.tight_layout()
plt.show()

# — Potential bias check: home ownership
if 'home_ownership' in df.columns:
ho = df.groupby('home_ownership')['target'].agg(['mean', 'count'l]
ho = holho['count'] > 100]
fig, ax = plt.subplots(figsize=(7, 4))
ax.bar(ho.index, ho['mean'] * 100, color='#C44E52', edgecolor='wh
ax.set_ylabel('Default Rate (%)')
ax.set_title('Default Rate by Home Ownership (Bias Indicator)')
ax.yaxis.set_major_formatter(mtick.PercentFormatter())
plt.tight_layout()
plt.show()

v 4. Preprocessing Pipeline (Test 3)

Goal: Select features, handle missing values, encode categoricals, scale numerics,
split data.

# — Feature selection

# Chosen columns based on financial relevance and data availability
CANDIDATE_FEATURES = [
# Loan characteristics

'loan_amnt', 'funded_amnt', 'term', 'int_rate', 'installment',
'grade', 'sub_grade',

# Borrower financials

‘annual_inc', 'dti', 'emp_length',

# Credit history

‘open_acc', 'pub_rec', 'revol_bal', 'revol_util', 'total_acc',

'deling_2yrs', 'ing_last_émths',
# Loan metadata
'purpose', ‘home_ownership', 'verification_status',

1

# Keep only those that exist
features = [f for f in CANDIDATE_FEATURES if f in df.columns]
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TARGET = 'target'

# Drop rows where target is missing
df_model = df [features + [TARGET]].dropna(subset=[TARGET]). copy()

# — Drop columns with >50% missing
high_miss = [c for c in features if df_modell[c].isnull().mean() > 0.5
print(f"Dropping high-missing columns: {high_miss}")

features = [f for f in features if f not in high_miss]

df_model = df_model[features + [TARGET]]

print(f"Final feature set ({len(features)} features): {features}")
print(f"Dataset shape: {df_model.shape}")

Dropping high-missing columns: []

Final feature set (5 features): ['term', 'installment', ‘'grade', 'sub_

Dataset shape: (454, 6)

# — Identify numeric vs categorical
num_features = df_model[features].select_dtypes(include=['number']).c
cat_features = df_model[features].select_dtypes(include=['object', 'c

print(f"Numeric features ({len(num_features)}): {num_features}")
print(f"Categorical features ({len(cat_features)}): {cat_features}")

Numeric features (3): ['term', 'installment', 'emp_length']
Categorical features (2): ['grade', 'sub_grade'l]
# — Clean specific categorical columns

# Convert 'term' to numeric months if it's a string
if 'term' in df_model.columns and df_model['term'].dtype == object:
df_model['term'] = df_model['term'].str.extract(r'(\d+)"').astype(
if 'term' in cat_features:
cat_features.remove('term')
if "term' not in num_features:
num_features.append('term')

# Convert 'int_rate' if stored as string '15.32%'

if 'int_rate' in df_model.columns and df_model['int_rate'].dtype == o
df_model['int_rate'] = df_model['int_rate'l.str.replace('s', '').

# Convert 'revol_util' if stored as string

if 'revol_util' in df_model.columns and df_model['revol_util'].dtype
df_model['revol_util'l = df_model['revol_util'].str.replace('s"',

print("Column type cleanup done.")

Column type cleanup done.

from sklearn.preprocessing import OrdinalEncoder

# — Preprocessing pipelines
numeric_transformer = Pipeline(steps=[
(*imputer', SimpleImputer(strategy='median')),
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('scaler', StandardScaler())
1)

categorical_transformer = Pipeline(steps=[
(*imputer', SimpleImputer(strategy='most_frequent')),
('encoder', OrdinalEncoder(handle_unknown="'use_encoded_value', un

1)

reprocessor = ColumnTransformer(transformers=
ColumnT f (t f [
num', numeric_transformer, num_features),
("num’ t f feat )
cat', categorical_transformer, cat_features
('cat’ t Tt f t_feat )
, remainder='dro
] der="drop')

print("Preprocessing pipeline defined:")
print(f" Numeric ({len(num_features)}): median impute - StandardSca
print(f" Categorical ({len(cat_features)}): mode impute - OrdinalEnc

Preprocessing pipeline defined:
Numeric (3): median impute - StandardScale
Categorical (2): mode impute - OrdinalEncode

# — Train / test split (stratified)
X = df_model[features]
y = df_model[TARGET]

# Sub-sample if dataset is very large (>200 k rows) for Colab speed
if len(X) > 200_000:
print(f'Large dataset detected ({len(X):,} rows). Sampling 200,00
from sklearn.utils import resample
X, _, ¥, _ = train_test_split(X, y, train_size=200_000,
stratify=y, random_state=SEED)

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

print(f"Train: {X_train.shape[0]:,} samples | Test: {X_test.shape[0
print(f"Train default rate: {y_train.mean():.2%} | Test default rat

Train: 363 samples | Test: 91 samples
Train default rate: 1.65% | Test default rate: 1.10%

# — Fit preprocessor and transform data
X_train_proc = preprocessor.fit_transform(X_train)
X_test_proc = preprocessor.transform(X_test)

# Preserve feature names for interpretability later
feature_names_out = num_features + cat_features

print(f"Processed training set shape: {X_train_proc.shape}")
print ("™ Preprocessing pipeline fitted and applied.")

Processed training set shape: (363, 5)
Preprocessing pipeline fitted and applied.
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v 5. Baseline Logistic Regression (Test 4)

Goal: Train a default logistic regression with class_weight="'balanced' to
handle imbalance.

# — Baseline Logistic Regression

1r_base = LogisticRegression(
max_iter=1000,
class_weight="balanced’,
random_state=SEED

)

1r_base.fit(X_train_proc, y_train)

1r_base.predict(X_test_proc)
1r_base.predict_proba(X_test_proc) [:, 1]

y_pred_lr_base =
y_proba_lr_base =
print("=== Baseline Logistic Regression — Test Set Performance ===")
print(classification_report(y_test, y_pred_lr_base, target_names=['Fu
print(f"ROC-AUC : {roc_auc_score(y_test, y_proba_lr_base):.4f}")

=== Baseline Logistic Regression — Test Set Performance ===

precision recall fl-score support

Fully Paid 0.98 0.54 0.70 90
Default 0.00 0.00 0.00 1
accuracy 0.54 91
macro avg 0.49 0.27 0.35 91
weighted avg 0.97 0.54 0.69 91

ROC-AUC : 0.4667

# — Confusion matrix helper
def plot_confusion_matrix(y_true, y_pred, title, ax):
cm = confusion_matrix(y_true, y_pred)
sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', ax=ax,
xticklabels=['Fully Paid', 'Default'l],
yticklabels=['Fully Paid', 'Default'l)
ax.set_xlabel('Predicted')
ax.set_ylabel('Actual')
ax.set_title(title)

fig, ax = plt.subplots(figsize=(5, 4))

plot_confusion_matrix(y_test, y_pred_lr_base, 'Baseline LR — Confusio
plt.tight_layout()

plt.show()
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v 6. Tuned Logistic Regression with GridSearchCV (Test 5)

Goal: Hyperparameter search over regularisation strength | C  and penalty type.

# — GridSearchCV — Logistic Regression
1r_param_grid = {
s [0.001, 0.01, 0.1, 1, 10],
‘penalty': ['l1', '12'],
‘solver': ['liblinear']
}

cv_inner = StratifiedKFold(n_splits=5, shuffle=True, random_state=SEEI

1r_gs = GridSearchCV(
LogisticRegression(max_iter=1000, class_weight='balanced', random,
param_grid=1r_param_grid,
scoring='roc_auc',
cv=cv_inner,
n_jobs=-1,
verbose=0

)

1r_gs.fit(X_train_proc, y_train)

print(f"Best params : {lr_gs.best_params_}")
print(f"Best CV ROC-AUC: {lr_gs.best_score_:.4f}")

Best params : {'C': 0.001, 'penalty': '11', 'solver': 'liblinear'}
Best CV ROC-AUC: 0.5000
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# — Best estimator evaluation
1r_best = lr_gs.best_estimator_
y_pred_lr_tuned = lr_best.predict(X_test_proc)
y_proba_lr_tuned = lr_best.predict_proba(X_test_proc)[:, 1]

print("=== Tuned Logistic Regression — Test Set Performance ===")
print(classification_report(y_test, y_pred_lr_tuned, target_names=['F
print(f"ROC-AUC: {roc_auc_score(y_test, y_proba_lr_tuned):.4f}")

=== Tuned Logistic Regression — Test Set Performance ===

precision recall fl-score support

Fully Paid 0.99 1.00 0.99 90
Default 0.00 0.00 0.00 1
accuracy 0.99 91
macro avg 0.49 0.50 0.50 91
weighted avg 0.98 0.99 0.98 91

ROC-AUC: 0.5000

# — Hyperparameter impact visualisation
cv_results = pd.DataFrame(lr_gs.cv_results_)
pivot = cv_results.pivot_table(
values='mean_test_score',
index="param_C',
columns="param_penalty'

fig, ax = plt.subplots(figsize=(7, 4))
for col in pivot.columns:
ax.plot(pivot.index, pivot[coll, marker='o', label=f'penalty={col
ax.set_xscale('log")
ax.set_xlabel('C (Regularisation Strength)')
ax.set_ylabel('Mean CV ROC-AUC')
ax.set_title('GridSearchCV: Hyperparameter Impact on LR Performance')
ax.legend()
plt.tight_layout()
plt.show()
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v T.Baseline Gradient Boosting (Ensemble) Model (Test 6)

Goal: Train a default GradientBoostingClassifier as the non-linear ensemble baseline.

# — Baseline Gradient Boosting
gb_base = GradientBoostingClassifier(
n_estimators=100,
learning_rate=0.1,
max_depth=3,
random_state=SEED
)
gb_base.fit(X_train_proc, y_train)

y_pred_gb_base = gb_base.predict(X_test_proc)
y_proba_gb_base = gb_base.predict_proba(X_test_proc)[:, 1]

print("=== Baseline Gradient Boosting — Test Set Performance ===")
print(classification_report(y_test, y_pred_gb_base, target_names=['Fu
print(f"ROC-AUC: {roc_auc_score(y_test, y_proba_gb_base):.4f}")

=== Baseline Gradient Boosting — Test Set Performance ===

precision recall fl-score support

Fully Paid 0.99 0.98 0.98 90
Default 0.00 0.00 0.00 1
accuracy 0.97 91
macro avg 0.49 0.49 0.49 91
weighted avg 0.98 0.97 0.97 91
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ROC-AUC: 0.7111

# — Confusion matrix
fig, ax = plt.subplots(figsize=(5, 4))

plot_confusion_matrix(y_test, y_pred_gb_base, 'Baseline GB — Confusio
plt.tight_layout()

plt.show()
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8. Tuned Gradient Boosting with RandomizedSearchCV
(Test 7)

Goal: Efficient hyperparameter optimisation over a broader search space.

from sklearn.ensemble import HistGradientBoostingClassifier
from scipy.stats import randint, uniform

gb_param_dist = {

'max_iter': randint (100, 300),
'learning_rate': uniform(0.01, 0.19),
'max_depth': randint(2, 6),

‘min_samples_leaf': randint(10, 50),
'12_regularization': uniform(o, 1),
‘max_leaf_nodes': randint(15, 63)

}

gb_rs = RandomizedSearchCV(
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HistGradientBoostingClassifier(random_state=SEED),

param_distributions=gb_param_dist,
n_iter=20, # reduced from 30
scoring='roc_auc',

cv=StratifiedKFold(n_splits=3, shuffle=True, random_state=SEED),

n_jobs=-1,
random_state=SEED,
verbose=1

)
gb_rs.fit(X_train_proc, y_train)

print(f"\nBest params : {gb_rs.best_params_}")
print(f"Best CV ROC-AUC: {gb_rs.best_score_:.4f}")

Fitting 3 folds for each of 20 candidates, totalling 60 fits

Best params : {'12_regularization': np.float64(0.44975413336976566),

Best CV ROC-AUC: 0.4930

# — Best estimator evaluation

gb_best = gb_rs.best_estimator_
y_pred_gb_tuned = gb_best.predict(X_test_proc)

y_proba_gb_tuned = gb_best.predict_proba(X_test_proc) [:, 1]

print("=== Tuned Gradient Boosting — Test Set Performance ===")
print(classification_report(y_test, y_pred_gb_tuned, target_names=['F
print(f"ROC-AUC: {roc_auc_score(y_test, y_proba_gb_tuned):.4f}")

=== Tuned Gradient Boosting — Test Set Performance

precision recall fl-score support

Fully Paid 0.99 1.00 0.99 90
Default 0.00 0.00 0.00 1
accuracy 0.99 91
macro avg 0.49 0.50 0.50 91
weighted avg 0.98 0.99 0.98 91

ROC-AUC: 0.5222

# — Hyperparameter impact: learning_rate vs ROC-AUC

rs_results = pd.DataFrame(gb_rs.cv_results_)
fig, axes = plt.subplots(1, 2, figsize=(12, 4))

axes[0] .scatter(rs_results['param_learning_rate'], rs_results['mean_t

alpha=0.7, c='#4C72B0")
axes[0].set_xlabel('Learning Rate')
axes[0].set_ylabel('Mean CV ROC-AUC')
axes[0].set_title('Learning Rate vs ROC-AUC')

axes[1].scatter(rs_results['param_max_iter'], rs_results['mean_test_s

alpha=0.7, c='#DD8452")
axes[1].set_xlabel('max_iter (Number of Trees)')
axes[1].set_ylabel('Mean CV ROC-AUC')
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axes[1].set_title('max_iter vs ROC-AUC')

plt.suptitle('RandomizedSearchCV: Hyperparameter Impact (GB)', fontwe
plt.tight_layout()

plt.show()
RandomizedSearchCV: Hyperparameter Impact (GB)
Learning Rate vs ROC-AUC max_iter vs ROC-AUC
05 . 05 %
. ° . o
E . o el 8 . . o |o
204 . T oa N
] o g o
& . . e -l s
T o3 . e . [E] e .
§ 5
5 o o 5 .
=02 =02
o ol
0025 0050 0075 0.100 0125 0150 0175 100 125 150 175 200 225 250 275
Learning Rate max_iter (Number of Trees)

v 9. Cross-Validation Comparison (Test 8)

Goal: Compare all four models using stratified 5-fold CV across Accuracy, F1, and
ROC-AUC to demonstrate generalisation, not just one random split.

cv_outer = StratifiedKFold(n_splits=3, shuffle=True, random_state=SEE

models_cv = {

'LR Baseline': 1r_base,
'LR Tuned': 1r_best,
'GB Baseline': gb_base,
'GB Tuned': gb_best,

cv_summary = []
for name, model in models_cv.items():
for metric in [‘'accuracy', 'fl', 'roc_auc']:
scores = cross_val_score(model, X_train_proc, y_train,
cv=cv_outer, scoring=metric, n_jobs=
cv_summary.append ({
'Model': name,
'Metric': metric.upper().replace('_"', '-'),
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'Mean': scores.mean(),
'Std': scores.std()
1
print(f"{name:15s} | {metric:10s} | {scores.mean():.4f} = {sc

cv_df = pd.DataFrame(cv_summary)

LR Baseline | accuracy | 0.6143 = 0.0506
LR Baseline | f1 | 0.0000 = 0.0000
LR Baseline | roc_auc | 0.2059 = 0.0549
LR Tuned | accuracy | 0.9835 = 0.0000
LR Tuned | f1 | 0.0000 = 0.0000
LR Tuned | roc_auc | 0.5000 + 0.0000
GB Baseline | accuracy | 0.9725 + 0.0039
GB Baseline | f1 | 0.0000 = 0.0000
GB Baseline | roc_auc | 0.3887 = 0.1016
GB Tuned | accuracy | 0.9835 = 0.0000
GB Tuned | f1 | 0.0000 = 0.0000
GB Tuned | roc_auc | 0.4930 + 0.0248

# — Grouped bar chart
metrics_list = cv_df['Metric'].unique()

model_list = list(models_cv.keys())
x = np.arange(len(metrics_list))
width = 0.18

colors = ['#4C72B0', '#55A868', '#DD8452', '#C44E52']

fig, ax = plt.subplots(figsize=(11, 5))
for i, (name, color) in enumerate(zip(model_list, colors)):
subset = cv_df[cv_df['Model'] == namel].set_index('Metric')
vals = [subset.loc[m, 'Mean'] if m in subset.index else 0 for m i
errs = [subset.loc[m, 'Std'] if m in subset.index else 0 for m in
ax.bar(x + ixwidth, vals, width, label=name, color=color,
yerr=errs, capsize=4, alpha=0.85)

ax.set_xticks(x + width¥1.5)

ax.set_xticklabels(metrics_list)

ax.set_ylim(0, 1.05)

ax.set_ylabel('Score')

ax.set_title('5-Fold Cross-Validation Comparison (mean * std)', fontw
ax.legend(loc="'lower right')

plt.tight_layout()

plt.show()
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5-Fold Cross-Validation Comparison (mean & std)
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v 10. Final Test-Set Evaluation (Test 9)

Goal: Full evaluation of all four models on the held-out test set: Accuracy, Precision,
Recall, F1, ROC-AUC, Confusion Matrices, and ROC curves.

# — Compute all metrics on test set
all_models = {
'LR Baseline': (y_pred_lr_base, y_proba_lr_base),

'LR Tuned': (y_pred_lr_tuned, y_proba_lr_tuned),
'GB Baseline': (y_pred_gb_base, y_proba_gb_base),
'GB Tuned': (y_pred_gb_tuned, y_proba_gb_tuned),

}

results = []
for name, (y_pred, y_proba) in all_models.items():
results.append({

'Model': name,

'Accuracy': accuracy_score(y_test, y_pred),

'Precision': precision_score(y_test, y_pred, zero_division=0)
'Recall': recall_score(y_test, y_pred, zero_division=0),
'F1': fl_score(y_test, y_pred, zero_division=0),
'ROC-AUC"': roc_auc_score(y_test, y_proba)
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})

results_df = pd.DataFrame(results).set_index('Model').round(4)

print(results_df.to_string())

Accuracy Precision Recall F1
Model
LR Baseline 0.5385 0.0 0.0 0.0
LR Tuned 0.9890 0.0 0.0 0.0
GB Baseline 0.9670 0.0 0.0 0.0
GB Tuned 0.9890 0.0 0.0 0.0

ROC-AUC

0.4667
0.5000
0.7111
0.5222

# — Styled metrics table

display(results_df.style
.highlight_max(color="'#d4edda', axis=0)
.format('{:.4f}")

.set_caption('Test-Set Performance Metrics — All Models'))

Test-Set Performance Metrics — All Models

Accuracy Precision Recall F1
Model
LR Baseline 0.5385 0.0000 0.0000 0.0000
LR Tuned 0.9890 0.0000 0.0000 0.0000
GB Baseline 0.9670 0.0000 0.0000 0.0000
GB Tuned 0.9890 0.0000 0.0000 0.0000
# — 4-panel confusion matrices

ROC-AUC

0.4667

0.5000

0.7111

0.5222

fig, axes = plt.subplots(2, 2, figsize=(11, 8))

for ax, (name, (y_pred, _)) in zip(axes.flat, all_models.items()):

plot_confusion_matrix(y_test, y_pred, name,

plt.suptitle('Confusion Matrices — All Models (Test Set)', fontsize=1

plt.tight_layout()
plt.show()

ax)
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Confusion Matrices - All Models (Test Set)
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# — ROC curves
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from sklearn.metrics import roc_curve, auc as sk_auc

fig, ax = plt.subplots(figsize=(7, 6))
colors_roc = ['#4C72B0', '#55A868', '#DD8452', '#C44E52']
for (name, (_, y_proba)), color in zip(all_models.items()

fpr, tpr, _ = roc_curve(y_test, y_proba)

Dttps://colab research google com/drive/ 1zZR7uSI2_SIBX79cnAoUSDZObPOY47A2Wi#scroll To=k_soiC78ICKe&printMode=true

, colors_roc

2333




image34.jpg
7/25/26,10:14 AM Lending_Club_Loan_Default_Prediction ipynb - Colab
auc_val = sk_auc(fpr, tpr)
ax.plot(fpr, tpr, =2, color=color, label=f'{name} (AUC={auc_val

ax.plot([0, 11, [0, 1], 'k—-', lw=1.5, label='Random Classifier')
ax.set_xlabel('False Positive Rate')

ax.set_ylabel('True Positive Rate')

ax.set_title('ROC Curves — All Models', fontweight='bold')
ax.legend(loc='lower right')

plt.tight_layout()

plt.show()
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False Positive Rate
# — Precision-Recall curves (better for imbalanced data)

from sklearn.metrics import precision_recall_curve, average_precision,

fig, ax = plt.subplots(figsize=(7, 6))
for (name, (_, y_proba)), color in zip(all_models.items(), colors_roc
precision_vals, recall_vals, _ = precision_recall_curve(y_test, y.
ap = average_precision_score(y_test, y_proba)
ax.plot(recall_vals, precision_vals, lw=2, color=color,
label=f'{name} (AP={ap:.3f})"')
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ax.set_xlabel('Recall’)

ax.set_ylabel('Precision")

ax.set_title('Precision-Recall Curves — All Models', fontweight='bold
ax.legend(loc="'upper right')

plt.tight_layout()

plt.show()
Precision-Recall Curves - All Models
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v 1. Interpretability & Fairness Analysis (Test 10)

Goal:

o Feature importances from Gradient Boosting
« Logistic Regression coefficients
¢ SHAP values for global and local explanations
« Partial Dependence Plots (PDP)
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« Fairness: default rate comparison across demographic-like subgroups (income

group, loan purpose, home ownership, employment length)

# — 1la. Gradient Boosting feature importances
from sklearn.inspection import permutation_importance

perm = permutation_importance(
gb_best, X_test_proc, y_test,
n_repeats=10,
scoring='roc_auc',
random_state=SEED,
n_jobs=-1

)

fi_df = pd.DataFrame({

'Feature': feature_names_out,
'Importance': perm.importances_mean,
'Std': perm. importances_std

}).sort_values('Importance', ascending=False).head(20)

fig, ax = plt.subplots(figsize=(9, 6))

ax.barh(fi_df['Feature'] [::-1], fi_df['Importance'][::-1],
xerr=fi_df['Std'][::-1], color="#4C72B0', capsize=4)

ax.set_xlabel('Permutation Importance (ROC-AUC drop)')

ax.set_title('Top-20 Feature Importances — Tuned Gradient Boosting',

plt.tight_layout()
plt.show()

Dttps://colab research google com/drive/ 1zZR7uSI2_SIBX79cnAoUSDZObPOY47A2Wi#scroll To=k_soiC78ICKe&printMode=true

26/33




image37.jpg
7/25/26,10:14 AM Lending_Club_Loan_Default_Prediction ipynb - Colab

Top-20 Feature Importances - Tuned Gradient Boosting
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# — 11b. Logistic Regression coefficients

coef = lr_best.coef_[0]
coef_df = pd.DataFrame({'Feature': feature_names_out, 'Coefficient':
coef_df = coef_df.reindex(coef_df['Coefficient'].abs().sort_values(as

fig, ax = plt.subplots(figsize=(9, 6))

colors_coef = ['#DD8452' if ¢ > 0 else '#4C72B0' for ¢ in coef_df['Co
ax.barh(coef_df['Feature'][::-1], coef_df['Coefficient'][::-1], color:
ax.axvline(0, color='black', linewidth=0.8)

ax.set_xlabel('Log-0dds Coefficient')

ax.set_title('Top-20 LR Coefficients (orange=increases default risk)'
plt.tight_layout()

plt.show()
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Top-20 LR Coefficients (orange=increases default risk)
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# — 1lc. SHAP values — Gradient Boosting
# Use a sample for speed (SHAP tree explainer is fast)

X_shap_df = pd.DataFrame(X_test_proc, columns=feature_names_out)
X_sample = X_shap_df.sample(min(2000, len(X_shap_df)), random_state=

explainer = shap.TreeExplainer(gb_best)
shap_values = explainer.shap_values(X_sample)

print("SHAP values computed.")

SHAP values computed.

# — SHAP beeswarm (summary) plot
plt.figure(figsize=(10, 7))
shap.summary_plot(shap_values, X_sample, plot_type='dot', max_display
plt.title('SHAP Summary Plot — Tuned Gradient Boosting', fontweight='
plt.tight_layout()

plt.show()
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SHAP Summary Plot - Tuned Gradient Boosting
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# — SHAP bar summary
plt.figure(figsize=(9, 6))

shap.summary_plot(shap_values, X_sample, plot_type='bar', max_display:
plt.title('Mean |SHAP| — Global Feature Importance', fontweight='bold
plt.tight_layout()

plt.show()

Mean |SHAP| - Global Feature Importance
instaiiment |
sub_grade |
emp_tength |

terr
grade [N
i 1 i i 0 1 i i 1
0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
mean(|SHAP value|) (average impact on model output magnitude)
# — SHAP waterfall — one local explanation (first test instance) —

shap_exp = explainer(X_sample.iloc[:1])

plt.figure(figsize=(9, 5))

shap.waterfall_plot(shap_exp[0], max_display=12, show=False)
plt.title('SHAP Waterfall — Single Prediction Explanation', fontweigh'
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plt.tight_layout()

plt.show()
SHAP Waterfall - Single Prediction Explanation
fix) 327
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# — 11d. Partial Dependence Plot (PDP)
from sklearn.inspection import PartialDependenceDisplay

# Pick top-2 most important numeric features
top2_idx = fi_df['Feature'].iloc[:2].tolist()
top2_pos = [feature_names_out.index(f) for f in top2_idx if f in feat

if top2_pos:
fig, ax = plt.subplots(figsize=(11, 4))
PartialDependenceDisplay.from_estimator(
gb_best, X_sample, top2_pos,
feature_names=feature_names_out,
ax=ax, grid_resolution=50
)
ax.set_title('Partial Dependence Plots — Top Features (GB Tuned)'
plt.tight_layout()
plt.show()
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Partial Dependence Plots - Top Features (GB Tuned)
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# — 1le. Fairness analysis — default rate by subgroup

# Attach test predictions back to original test rows
test_idx = X_test.index

fair_df = df.loc[test_idx].copy()

fair_df['y_true'l y_test.values
fair_df['y_pred_gb'] y_pred_gb_tuned
fair_df['y_proba_gb'] y_proba_gb_tuned

# Helper for false negative rate (missed defaults = risky)
def false_negative_rate(group):
tp_fn = grouplgroup['y_true'] == 1]
if len(tp_fn) == 0:
return np.nan
return (tp_fnl['y_pred_gb'l == 0).mean()

fairness_results = []

subgroup_cols = [
c for ¢ in ['home_ownership', 'purpose', 'emp_length', 'verificat
if ¢ in fair_df.columns

1

for col in subgroup_cols:
grp = (fair_df.groupby(col)
.apply(lambda g: pd.Series({
‘n': len(g),
‘actual_default_rate': g['y_true']l.mean(),
'predicted_default_rate': gl'y_pred_gb'l.mean(),
'false_negative_rate': false_negative_rate(g)
1))
.reset_index()
.assign(subgroup_col=col)
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. rename(columns={col: 'subgroup'}))
fairness_results.append(grp)

fairness_df = pd.concat(fairness_results, ignore_index=True)
print("Fairness analysis complete.")

Fairness analysis complete.

# — Plot fairness metrics by subgroup
for col in subgroup_cols:
sub = fairness_df[fairness_df['subgroup_col']l == col].copy()

sub = sub[sub['n'] > 100].sort_values('actual_default_rate')
if sub.empty:
continue

fig, ax = plt.subplots(figsize=(9, max(3, len(sub)*0.45)))

x = np.arange(len(sub))

w = 0.35

ax.barh(x — w/2, sub['actual_default_rate']l * 100, w,
label='Actual Default Rate', color='#4C72B0', alpha=0.85)

ax.barh(x + w/2, sub['predicted_default_rate'] * 100, w,
label="Predicted Default Rate', color='#DD8452', alpha=0.!

ax.set_yticks(x)

ax.set_yticklabels(sub['subgroup'])

ax.set_xlabel('Rate (%)')

ax.set_title(f'Fairness Check: Default Rate by {col.replace("_","

fontweight="bold")

ax.xaxis.set_major_formatter(mtick.PercentFormatter())

ax. legend ()

plt.tight_layout()

plt.show()

# — Income quartile fairness check
if 'annual_inc' in fair_df.columns:
fair_df['income_quartile'] = pd.qcut(
fair_df['annual_inc'l.clip(upper=fair_df['annual_inc'].quant
q=4, labels=['Ql Low', 'Q2 Med-Low', 'Q3 Med-High', 'Q4 High
)
inc_fair = fair_df.groupby('income_quartile', observed=True).agg
n=('y_true', 'count'),
actual_default_rate=('y_true', 'mean'),
predicted_default_rate=('y_pred_gb', 'mean')
).reset_index()

fig, ax = plt.subplots(figsize=(8, 4))

x = np.arange(len(inc_fair))

ax.bar(x - 0.2, inc_fair['actual_default_rate'] * 100, 0.35,
label="Actual', color='#4C72B0"')

ax.bar(x + 0.2, inc_fair['predicted_default_rate'] * 100, 0.35,
label='Predicted', color='#DD8452"')

ax.set_xticks(x)

ax.set_xticklabels(inc_fair['income_quartile'])

ax.set_ylabel('Default Rate (%)')

ax.yaxis.set_major_formatter(mtick.PercentFormatter())
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ax.set_title('Fairness Check: Default Rate by Income Quartile',
ax. legend ()
plt.tight_layout()
plt.show()

v 12. Summary, Model Comparison & Recommendations
12.1 Performance Summary

# — Final summary table
print("=" x 65)
print("FINAL MODEL PERFORMANCE SUMMARY (Test Set)")
print("=" x 65)

display(results_df)

FTNAI MODFI PFRFNRMANCF SIIMMARY (Tect Set)
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