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ABSTRACT
This report develops and compares logistic regression and XG boost models for predicting loan default using the Lending Club dataset. Data preprocessing, feature engineering and model evaluation were also performed with a motive to improve the prediction quality. The findings of the analysis indicate that XGBoost achieved stronger predictive performance, while on the other hand, logistic regression provided greater interpretability and transparency for credit risk assessment.
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[bookmark: _Toc235527831]Introduction and Problem Statement 
[bookmark: _Toc235527832]Background of Credit Risk Assessment	
Artificial intelligence has completely changed the manner in which financial organizations were able to check credit, where it contributes by making the process quicker and more consistent in comparison to the old manual methods [2]. The importance of machine learning models cannot be ignored in the current times. However, the use of AI should not only have its dependency only on having higher prediction accuracy [5].  
[bookmark: _Toc235527833]Problem Statement
This task has selected the Lending Club dataset, which includes past records of people who have applied for loans, including both borrowers who have repaid their loans in a successful manner and those who later fail to repay them. While these records provide some highly important use information, the connection between borrower details and repayment behaviour is often highly complex and difficult to identify by using only traditional statistical methods.
[bookmark: _Toc235527834]Aim of the Study	
The main aim of this research is to develop and make a critical analysis of a machine learning-based credit risk prediction system by making use of the Lending Club dataset that will help in the process of identifying borrowers who are likely to default before the is being approved for them.
[bookmark: _Toc235527835]Objectives of the Study
· To make an analysis of the Lending Club dataset and focus on having an understanding of the main factors which are related to loan default.
· To make the dataset analysis ready through appropriate preprocessing and feature engineering techniques.
· Two create and compare the results of logistic regression and XGBoost models for the loan default prediction task.
· To make an analysis of the predictive performance, practical sustainability, and interpretability of both models by making use of different evaluation metrics.
[bookmark: _Toc235527836]Related Work
Credit risk prediction has become a very important part of research because financial institutions require some dependable methods that can help them in the process of identifying borrowers who may not be able to repay their loans. Regarding this one of the key details have been shared within the research paper which has been conducted by [3], has highlighted previous research works have its dependency on traditional statistical methods such as logistic regression because the model is easy to understand and capable of helping lenders to explain their lending decisions in a clear manner [6]. However, within the research work which is being provided by [5], it has been believed that this method may not be able to completely identify the complex patterns which are generally found within large financial datasets.
As per the analysis which has been conducted by [1], machine learning has become very common, where researchers have looked to analyze different type of advanced algorithms so that they can able to make predictions of loan defaults. Within the research, it has been highlighted that ensemble models, especially Random Forests and XGBoost, have been able to get better prediction results because they have the capability to find nonlinear relationships which generally established between borrower characteristics [12]. According to the research which is being conducted by [8], it has been highlighted that these models are generally not very much trusted, as they are less transparent than traditional statistical methods, which often raise questions regarding the decisions which requires to understand and explanation.
Within the research which is being conducted by [4], it has been explained that data preprocessing is a very important step before creating any kind of prediction model. Within another research study by [7], it has been found that feature selection and feature engineering contribute to the process of improving model performance because they allow algorithms to learn from useful financial data instead of focusing on unimportant details.
[bookmark: _Toc235527837]Methodology 
[bookmark: _Toc235527838]Research Methodology	
This analysis will follow a very clear machine learning process with the motive to develop and compare models for predicting default loan applicants using the Lending Club dataset in hand. Since the dataset that is being selected for conducting the analysis contains more than 2.26 million related records and 151 variables, the data were first examined and cleaned before conducting any model development [11]. Each and every missing value, unnecessary column, and inconsistent information were first removed to improve the overall data quality. Exploratory data analysis and feature engineering were then carried out with the motive to identify useful boardwalk patterns [15]. After preprocessing steps were completed, the dataset was divided into 80% training data and 20% testing data. Logistic regression was developed as the baseline model and compared with XGBoost.
[bookmark: _Toc235527839]Dataset Understanding and Target Variable Preparation	
The Lending Club data set has been selected here for research purposes as it contains various records related to real loan transactions that were conducted between 2007 and 2018, respectively [9]. This dataset consists of an accepted as well as rejected loan applications with various information regarding loan amount, interest rate, annual income, employment details, as well as FICO score. 
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As per the image above, it can be seen that this dataset is extremely large, consisting of data in 2.26 million rows and 151 columns, and it mostly covers various borrowers profiles, which can be utilised for helping the model to learn various lending patterns. 
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The data set has contained various repayment categories, where not all loan records were found to have reached their final repayment outcomes. As shown in image above, categories including Current, Late, as well as In Grace Period have been representing heavy ongoing loans where the final repairment behaviour is still unknown [12]. 
[bookmark: _Toc235527840]Data Cleaning and Feature Engineering	
The financial data set seems to contain an incomplete set of information, as most of the borrowers failed to complete their loan application. Apart from that, the data set contains various missing values, where some columns have more than 50% of the missing data.
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Using such a data set which have more than 50% of them data missing within a single column possibly causes issues while training a prediction model; hence it is better to remove from the dataset, as these could possibly affect the model’s performance [14]. 
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Furthermore, loan terms as well as employment length have been converted into proper numeric value, while credit history has been calculated from the earliest record of credit in details.
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Apart from that, two FICO score columns have been combined together for forming one average score. These identified changes have been made to make the entire data set extremely simple, clean, and reliable to be used for further prediction.
[bookmark: _Toc235527841]Exploratory Data Analysis	
Exploratory data analysis is to be conducted before model building so as to gain a proper understanding of the data set as well as to identify any useful pattern that can be utilised during model prediction.
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As per the descriptive statistics obtain a work, it can be seen that the difference in between the loan amount, annual income value, credit history, as well as debt-to-income ratio is immensely large, which indicates that the borrower's behaviour is not identical for everyone.
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The correlation heat map shown above even highlights a basic relationship in between different borrowers' variables. It had helped in identifying all of the possible multicollinearity in between different variables before further model training.
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The respective Bart chart shows how the rate of defaulters significantly increases from grade A to grade G, where borrowers belonging from extremely low loan grade where to face higher repayment risks and were more likely to default.
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The respective chart shown ever highlights that borrowers mostly reside in a rented home and already have the highest default rates. The mortgage category seemingly show comparatively lower repayment risk compared to others.
[bookmark: _Toc235527842]Outlier Analysis and Data Preprocessing	
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Financial data most prominently tends to contain extremely high values that can possibly affect a model's performance [10]. Hence, outliers within annual income, debt-to-income ratio, loan amount, open account, as well as total accounts have been captured following the IQR method, instead of just removing them from the data set as shown in the boxplot below: 
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The restrictive box plots obtain ever clearly shows how annual income and debt-to-income ratio contain various extreme outliers within them. Since most of the borrowers fall within a normal range, very few records were recorded with unusually high values [13]. These outliers were responsible for influencing the entire model performance, they were making the outlier treatment completely necessary before developing a reliable ML model. 
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The respective box plots clearly shows that any of the revolving credit utilisation, with revolving balance, and loan amount may contain various outliers within them, since most of the borrowers' values were recorded within the normal range [14].  
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Furthermore, the data set is now being prepared to be used for machine learning, where all of the input features as well as target variables are separated successfully. After that, this data set has been divided into 80% training data and 20% testing data, using a stratified sampling method. This process is crucial for ensuring that board the data sets will have the same default rates. This helps in creating a fair and reliable model evaluation process.
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It is important to consider the fact that before the training of the models was started the data were actually prepared using a preprocessing pipeline so that every record follows the same format on an overall basis. The missing numerical values, particularly the values that were present in the dataset, were replaced by medium while the missing categorical values were replaced with the most common values. Categorical variables were then converted into numerical form using one-hot encoding the numerical values were standardized before model training was started.  
[bookmark: _Toc235527843]Experiments and Results 
[bookmark: _Toc235527844]Experiment 1: Baseline Logistic Regression
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Particularly focusing on the first experiment that was carried out here, used logistic regulation as the starting model. If a more complex model cannot perform better than the baseline then using additional complexity would not be justified [16]. The model was trained after completing all the preprocessing steps, including missing values treatment. The Logistic Regression model achieved an accuracy of approximately 58.03%, a precision of around 20.93%, and a recall of nearly 40.9%. The F1-score was about 27.7%, while the ROC-AUC reached approximately 0.4959.
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The logistic regression model got a significant accuracy of somewhere relating to 58.03%. This actually means that the model was good enough at identifying the borrowers who did not pay back their loans at all this is very useful because banks want to know which people might not pay back a loan before they actually provide any kind of credit to them [18]. But the model precision was only 20.93% which actually means that many people the model marked as risky actually did pay back their respective loan amounts.  
[bookmark: _Toc235527845]Experiment 2: Hyperparameter Optimisation of Logistic Regression
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After breeding the first logistic regression model the next step involved was to check whether its performance could be improved by changing its learning settings. All these settings known as hyperparameters that affect how the model learns from the data in hand. Rather than selecting them through any kind of trial-and-error, GridSearchCV was used to test several combinations using repeated cross-validation. 
[bookmark: _Toc235527846]Experiment 3: Baseline XGBoost Classifier
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The third experiment used XGBoost with the motive to examine whether a mode advanced machine learning model could improve the loan default prediction or not. Unlike logistic regulation Xgboost can actually identify the hidden patterns by combining information from multiple borrower characters at the same point of time [16]. In this dataset factors such as annual income, loan amount and interest rate as well as FICO score and repayment history are closely related to each other and their combined effect influences whether the borrower is likely to default or not.  
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[bookmark: _Toc235527847]Experiment 4: Hyperparameter Optimisation of XGBoost
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After evaluating the baseline SG boost model, the next step was all about improving its performance by selecting some better parameter values. XGBoost has multiple settings that control how the model learns from the training data and these settings can directly create an impact on the prediction results obtained from the model performance [20]. Instead of checking every possible combination, RandomizedSearchCV was used with the motive to test a range of parameter values in a shorter time. The selected combination increased the model's ability to distinguish between borrowers with the low and high default risk.
[bookmark: _Toc235527848]Experiment 5: Cross-Validation Comparison
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Cross-validation was also performed with the motive to check whether the developed models could produce consistent results using different parts of the training data set. This method provides a more dependable evaluation than relying only on one frame test split [19].  
[bookmark: _Toc235527849]Experiment 6: Final Test Set Evaluation
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The results that have been obtained demonstrated that the tuned XG boost model achieved higher accuracy with 78% and a better ROC AUC which is around 0.72 compared to logistic regression [17]. Although at the same point of time it is important to address the fact that logistic regression produced a higher recall which is nearly 68% in value and it actually means that it detected more borrowers who later become defaulted [15]. This comprehensive combination demonstrated that no single performance measure is enough on an overall basis and several evaluation metrics should be considered.
[bookmark: _Toc235527850]Experiment 7: Model Interpretability
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Model interpretability was examined with the motive to understand how important borrower characteristics influence prediction outcomes. Future importance for XG boost and coefficient analysis for logistic regression identified variables such as account_opened_24m, interest_rate, state_NY, as well as homeownership_MORTGAGE were some of the key contributors [20]. These findings match the practical financial knowledge increasing confidence in the models.	
[bookmark: _Toc235527851]Experiment 8: Permutation Importance and Partial Dependence Analysis
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In order to better understand how the XG boost model made its prediction permutation importance and partial dependence plots were also examined [18]. All these methods actually help to identify which borrower characteristics had the greatest influence on the prediction while keeping the remaining variables totally unchanged. The results that have been obtained demonstrated that interest rate, months_since_last_credit_inquiry and the loan_to_income were among the most important factors affecting the loan default.
[bookmark: _Toc235527852]Experiment 9: Fairness Analysis	
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Fairness Analysis examined whether prediction behaviour differed across borrower groups based on income, home ownership, employment length, and loan purpose [16]. Some of the differences were observed particularly among the income categories and borrowing purposes. 
[bookmark: _Toc235527853]Experiment 10: Overfitting Assessment
[image: ]
The final experiment involved comparing the training and testing roc AUC sports with the motive to determine whether the models have become overfitted or not. Both the logistic regression and the XGBoost produced significant differences between the training and testing performance which actually indicated strong generalization ability of both the models. This means that the model learned useful borrower patterns rather than memorizing historical data.
[bookmark: _Toc235527854]Discussion 
[bookmark: _Toc235527855]Model Evaluation and Comparison
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The results of the analysis highlighted that both models have been able to successfully predict loan default, but they have been able to perform in a different manner, where XGBoost has been able to achieve higher accuracy (77%), precision (37%), and RUC-AUC (70%), which indicates that it is more capable of identifying borrower risks in comparison to logistic regression. Logistic Regression produced a much higher Recall (58%). The findings are highly important because missing a high-risk borrower can create more serious types of financial losses than incorrectly identifying a lower-risk borrower. That is why, although XGBoost provides stronger overall predictive performance, but logistic regression remains a valuable solution because of its balance recalls makes it more suitable selection.
[bookmark: _Toc235527856]Model Interpretability and Generalisation
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Comparison has also highlighted the details regarding the differences in modern interpretability and generalisation. It has been found that the training and testing ROC-AUC values have kind of remained almost similar for both the models, with an overfitting gap of 0.18 and 0.45. This clearly highlights that stable learning, good generalization, and reliable prediction is capable on unseen borrower data by the models. 
[bookmark: _Toc235527857]Overfitting, Bias and Fairness
Even though the overfitting issue was very low, historical lending data may contain some types of hidden bias that may have an impact on the predictions [21]. That is why fairness testing and human review are very important part which needs to be conducted in order to maintain transparency. It will also help in the process of ensuring responsible and unbiased credit risk assessment decisions would take place in the future. 
[bookmark: _Toc235527858]Conclusion	 
This complete analysis has clearly highlighted that machine learning can be utilized in a successful manner in order to make predictions for loan default by making use of the Lending Club dataset. Model-independent interpretability methods, such as feature importance and partial dependence plots, have helped a lot in the process of explaining which borrower characteristics come with the strongest effect on loan default prediction. These techniques have contributed to making it easier to understand the details regarding how the model works and come with the capability to provide support for better financial decisions.
The results have also highlighted that explanatory and fairness are just as important as prediction accuracy. AI based lending systems become highly dependable when their decisions are clearer, checked on a regular basis for any type of possible bias elimination, and reviewed by having responsible human guidance and check before the final loan approval is being provided.
[bookmark: _Toc235527859]Practical Recommendations 
· Financial institutions should look to make use of machine learning results along with expert judgment before providing approval for high-risk loan applications to make their lending decisions more dependable and consistent [6].
· Organizations should look to conduct regular data quality checks by filling the missing values, updating borrowers' details, removing incorrect or inconsistent details and records before any type of retraining of the prediction model takes place [8].
· Performance of the models needs to be checked on a regular basis because economic conditions and borrower behaviour can get change with the passage of time [7], which is also a reason for making the time-to-time validation and model retraining process highly important.
· Need to conduct fairness checks across different borrower groups in order to find any type of possible bias and support fair and ethical lending practices at the time of model implementation.
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Dataset understanding + target variable check

# Load the dataset
DATA_PATH = "loans_full_schema. csv™

f = pd.read_csv(DATAPATH, low_memory=False)

# Check Dataset shape
print("Dataset shape:", df.shape)

Dataset shape: (10000, 56)
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# Check Loan status distribution
dF[ *loan_status"].value_counts()

loan_status
Current 9375
Fully Paid aa7
In Grace Period &
Late (31-120 days) 65
Late (16-30 days) B
Charged 0fF 7

Name: count, dtype: int64
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# Drop Columns with Too Many Missing Values

missing_threshold = 0.50

missing_ratio = of.isnull().mean()

high missing cols = missing ratio[missing ratio > missing threshold].index.tolist()

df.drop(column

igh_missing cols, inplace=True)

print("Dropped high-missing colums

", len(high missing cols))

Dropped high-missing columns: 5
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# Feature Cleaning

# Convert term to numeric
if “tern” in df_model.columns:
df_model["tern"] = (
df_model["tern"]
.astype(str)
.str.extract("(\d+)")
.astype(float)

# Convert employment Length to numeric
def clean_emp_length(value):
if pd.isna(value):
return np.nan
value = str(value)
if "10+" in value:
return 10
if "< 1" in value:
return @
return pd.to_numeric(
value.replace("years", "
.replace("year", "
.strip(),
errors="coerce"

if "emp_length" in df_model.columns:
df_model["emp_length"] = df_model["emp_length"].apply(clean_emp_length)

# Convert earliest credit Line into credit history length
if "earliest_cr_line" in df_model.columns:
df_model["earliest_cr_line"] = pd.to_datetime(df_model["earliest_cr_line"], errors="coerce"
df_model["credit_history_years"] = (
pd.Timestamp. today() - df_model["earliest_cr_line"]
).dt.days / 365.25
df_model. drop (columns:

earliest_cr_li

, inplace=True)
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# Average FICO score calculation
if "fico_range_lou” in df_model.columns and "
df_model["fico_ave"] = (
df_model["fico_range_lou"] + df_model["fico_range_high"]
)72
df_model. drop (columns:

ico_range_high" in df_model.columns:

ico_range_low", "fico_range_high"], inplace=True)

df_model.head()
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Exploratory data analysis

# Descriptive Statistics
pd.set_option('display. Float_format’, '{:.2¢}".format)
af_model. describe()

loan_amount  term interest_rate installment emp_length annual income debt_to_income deling 2y inquiries_last 12m total credit lines ... num_mort acc

count SR0D 55800 SSB00 500 S2100 ss800 ss600 55600 sse00 sse00 . :
men 1601528 4387 w0 amizs ses maosi e oz 228 EEE
aa 106255 1128 s 077 30 t0%1as 29 056 246 250 .
min 100000 3600 s31 me 000 000 w0 o 000 200 .
2% 750000 3600 92 w2 200 4800000 055 00 100 100 .
S% 1300000 3600 s a1 600 eses00 616 000 200 200 ..
% 2000000 6000 s ema0 000 onrso0 24 00 300 000 ..
max 4000000 6000 00 150389 1000 230000000 2010 400 2000 000 .

8 rows x 34 columns.
o —————————— >

# Separating numeric and categorical columns
numeric_cols = df_model.select_dtypes(include=["int64", "float64"]).colums. tolist()
categorical_cols = df_model.select_dtypes(include=["object"]).columns. tolist()
print("Numeric columns:", numeric_cols)

print("Categorical colums:", categorical_cols)

Numeric columns: ['loan_amount’, ‘term’, ‘interest rate’, 'installment’, ‘emp_length’, ‘annual income’, 'debt_to_income', 'deling 2y’, ‘inquiries last_
12n', "total credit_lines’, "open_credit_lines’, 'total_credit_linit', 'total_credit utilized’, 'num_collections last_12n’, 'num historical_failed_top
ay", “current_installment_accounts’, *accounts_opened 2ém, 'months_since_last_credit_inquiry’, 'num_satisfactory_accounts’, 'num_active_debit_account
', *total_debit_linit', "num_total_cc_accounts’, ‘num_open_cc_accounts’, ‘num_cc_carrying balance', 'num_mort_accounts', 'account_never_deling_percen
©, *tax_liens’, ‘public_record_bankrupt', 'default’, ‘credit_history years', ‘loan_to_income’, 'credit_utilization ratio’]

Categorical colums: ['grade’, 'sub_grade’, ‘homeownersnip’, ‘verified_income’, 'loan_purpose’, 'application_type’, 'state’, 'initial listing status’,
*disbursement_method']
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Correlation Heatmap of Numerical Features
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# outLier Check
# Selecting nuneric columns to check extreme outlier
outlier_cols = [

"annual_income",

1

outlier_cols = [col for col in outlier_cols if col in df_model.colums]

df_model[outlier_cols].describe(percentiles=[0.01, 0.05, 0.95, 8.991).T

# outLier Visualization

for col in outlier_col:
plt. figure(figsize=(8, 4))
5ns.boxplot (x=df_model(col])

Pl title(FBouplot of fcol})
plt.show()
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Boxplot of debt_to_income
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Boxplot of loan_amount

0 5000 10000 15000 20000 25000 30000 35000 40000
loan_amount

Boxplot of installment

0 200 400 600 800 1000 1200 1400
installment





image15.png
# Train-Test Split

x
"

df_model.drop(columns=["default"])
df_model["default"]

<
"

numeric_features = X.select_dtypes(include=["int64", "float64"]).columns.tolist()
categorical_features = X.select_dtypes(include=["object"]).columns. tolist()

X_train, X_test, y_train, y_test = train_test_split(
X,
Y
test_size=0.20,

random_state=42,
stratifyzy

print("Training shape:”, X_train.shape)
print("Testing shape:", X_test.shape)
print("Default rate in train:", y_train.mean())
print("Default rate in test:", y_test.mean())





image16.png
# Preprocessing Pipeline

# imputing missing values in numeric column with median
numeric_transformer = Pipeline(steps=[
("imputer”, SimpleImputer(strategy="median")),
("scaler", Standardscaler())
1

# imputing missing values in categorical column with most frequent value
categorical_transformer = Pipeline(step:
("imputer”, SimpleImputer(strategy="most_frequent")),
("encoder", OneHotEncoder (handle_unknoun

ignore”))

1

preprocessor = ColumnTransformer(
transformers=[
("num”, numeric_transformer, numeric_features),
("cat”, categorical_transformer, categorical_features)
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Baseline Logistic Regression
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Logistic Regression (Tuned using GridSearchCV)

# Tuned Logistic Regression Using GridSearchCV.

log_reg_pipeline = Pipeline(steps=[
("preprocessor”, preprocessor),
("model”, LogisticRegression(max_iter=1006, class_weight="balanced"))

n

1og_reg_params = {
“model_C": [0.01, 0.1, 1, 10],
“model_penalty”: ["12"],
“model_solver™: ["lbfgs"],
“model_class_weight”: [None, "balanced"]

¥

v = StratifiedkFold(n_splits=s, shuffle-True, random_state-42)

log_reg_grid = GridsearchcV(
estinator-log_reg_pipeline,
para_grid-log_reg_params,

=,

)

log_reg_grid.fit(X_train, y_train)
best_log_reg = log_reg_grid.best_estimator_
print("Best Logistic Regression parameters:")

print(log_reg_grid.best_params_)
print("Best CV ROC-AUC: ", log_reg_grid.best_score_)

Fitting 5 folds for each of & candidates, totalling 40 fits
Best Logistic Regression parameters:

{'model_C': 0.61, ‘model_class_weight': 'balanced’, 'model_penalty': '12', 'model_solver':

Best CV ROC-AUC: 0.684083202921231

‘lbfgs'}
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# Baseline XGBoost Classfier Training

# Handles class imbalance
scale_pos_weight = ((y_train

©0).sun() / (y_train

1).5um()) * 0.5

xgb_baseline = Pipeline(steps=[

("preprocessor”, preprocessor),

("model”, X68Classifier(
n_estimators=100,
max_depth=3,
learning_rate=
subsample-1.0,
colsample_bytree-=1.0,
eval_metric="logloss",
scale_pos_weight=scale_pos_ueight,
randon_state=42,
n_jobs=-1

b

N
n

xgb_baseline.fit(X_train, y_train)

xgb_baseline_results = evaluate_baseline_model(
xgb_baseline,
X_test,
y_test,
"Baseline XGBoost Classifier”

)

Baseline XGBoost Classifier

Accuracy : @.7857142857142857
Precision: 0.4166666666666667
Recall  : 0.22727272727272727
Fl-score : 0.29411764705832354
ROC-AUC @ 0.5161616161616162
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True label

True Positive Rate (Positive label: 1)

Confusion Matrix: Baseline XGBoost Classifier
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XGBoost (Tuned Using GridSearchCV)

# Tuning XBoost Classifier

scale_pos_weight_base = (y_train

xgb_pipeline = Pipeline(st

r using GridSearchCV
©0).sum() / (y_train

eps=[

("preprocessor”, preprocessor),
("model”, X68Classifier(

objective="binary:
eval_metric="loglo:
‘tree_method="hist"
random_state=42,
n_jobs=-1

N
n

xgb_params_fast = {
“model_n_estinators"
“model_max_depth”: [3.

“model_learning_rate”:

logistic”,

[100, 150, 200],
. 4, 51,
[e.5, 0.1],

“model__subsample”: [0.5, 1.0],

“model__colsample_bytree!
“model_scale_pos_weight’
1,

[

scale_pos_weight_base * 0.5,

scale_pos_weight_base
¥

xgb_random = Randomi zedSearchCV(
estinator-xgb_pipeline,

[0-8, 1.0],

param_distributions-xgb_params_fast,

n_iter-10,
scoring="roc_auc",
n_jobs=-1,
verbose=1,
random_state=42

)

xgb_random. fit(X_train, y_train)

best_xgb = xgb_random.best_estimator_

print("Best XGBoost parameters
print (xgb_random. best_params_)
print("Best CV ROC-AUC

Fitting 3 folds for each of 10 candidates, totalling 30 fits

Best XGBoost parameters:
{*model_subsample

xgb_random. best_score_)

1).sum()

1.0, 'model_scale_pos_weight': np.float64(2.00561797752809), ‘model _n_estimators': 100, 'model_max_depth’
Best CV ROC-AUC: @.6692456292861971

3, 'model_learning rate': 0.5, 'model_colsample bytree': 1.0}
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Cross-validation comparison

# Cross Validation Comparison on both the models
models = {
"Tuned Logistic Regression”:
“Tuned XGBoost™: best_xgb

best_log_reg,
b

scoring = {
“accuracy”

“accuracy”,
“precision”,
recall”,

¥
ev_results = []

For name, model in models.items():

scores = cross_validate(
model,
X_train,
y_train,
scoring=scoring,
n_jobs=-1

)

cv_results.append({
"Model”
"Accuracy’
"Precision’

cores["test_accuracy”].mean(),
scores["test_precision”].mean(),
"Recall™: scores["test_recall"].mean(),
"F1": scores["test_f1"].mean(),

"ROC-AUC™: scores["test_roc_auc"].mean()

bl

cv_results_df = pd.DataFrame(cv_results)
cv_results_df

Model Accuracy Precision Recall F1

0 Tuned Logistic Regression 064 030 058 039

1 ‘Tuned XGBoost 077 037 027 031

ROC-AUC
068

070
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Feature

Top 20 XGBoost Feature Importances
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Feature

Permutation Importance: Tuned XGBoost
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Fairness Check by Income Group
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# Overfitting Check

def train_test_auc(model, X_train, y_train, X_test, y_test):
train_auc - roc_auc_score(
y_train,
model.predict_proba(X_train)[:, 1]
)
test_auc = roc_auc_score(
y_test,
model.predict_proba(X_test)[:, 1]
)

gap = train_auc - test_auc

return train_auc, test_auc, gap

overfit_results = []
For name, model in models.items():
train_auc, test auc, gap = train_test_auc(

model,

X_train,

y_train,

X test,

y_test

)

overfit_results.append({
"Model": name,
"Train ROC-AUC": train_auc,
"Test ROC-AUC": test_auc,
"Overfitting Gap”: gap

b
overfit_df = pd.DataFrame(overfit_results)
overfit_df
Model Train ROC-AUC Test ROC-AUC Overfitting Gap
0 Tuned Logistic Regression 077 059 018

1 ‘Tuned XGBoost 099 054 045
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